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Humans can comprehend utterances quickly, efficiently, and often robustly against noise in

the inputs. Researchers have argued that such a remarkable ability is supported by prediction

of upcoming inputs. If people use the context to infer what they would hear/see and prepare

for likely inputs, they should be able to efficiently process the predicted inputs.

This thesis investigates how contexts can predictively activate lexical representations

(lexical pre-activation). I address two different aspects of prediction: (i) how pre-activation

is generated using contextual information and stored knowledge, and (ii) how pre-activation

is reflected in different measures.

I first assess the linking hypothesis of the speeded cloze task, a measure of pre-activation,

through computational simulations. I demonstrate that an earlier model accounts for quali-

tative patterns of human data but fails to predict quantitative patterns. I argue that a model

with an additional but reasonable assumption of lateral inhibition successfully explains these



patterns.

Building on the first study, I demonstrate that pre-activation measures fail to align with

each other in cases called argument role reversals, even if the time courses and stimuli are

carefully matched. The speeded cloze task shows that “role-appropriate” serve in ... which

customer the waitress had served is more strongly pre-activated compared to the “role-

inappropriate” serve in ... which waitress the customer had served. On the other hand,

the N400 amplitude, which is another pre-activation measure, does not show contrasts be-

tween the role-appropriate and inappropriate serve. Accounting for such a mismatch between

measures in argument role reversals provides insights into whether and how argument roles

constrain pre-activation as well as how different measures reflect pre-activation.

Subsequent studies addressed whether pre-activation is sensitive to argument roles or not.

Analyses of context-wise variability of role-inappropriate candidates suggest that there are

some role-inappropriate pre-activations even in the speeded cloze task. The next study at-

tempts to directly contrast pre-activations of role-appropriate and inappropriate candidates,

eliminating the effect of later confounding processes by distributional analyses of reaction

times. While one task suggests that role-appropriate candidates are more strongly pre-

activated compared to the role-inappropriate candidates, the other task suggests that they

have matched pre-activation. Finally, I examine the influence of role-appropriate competi-

tors on role-inappropriate competitors. The analyses of speeded cloze data suggest that N400

amplitudes can be sensitive to argument roles when there are strong role-appropriate competi-

tors. This finding can be explained by general role-insensitivity and partial role-sensitivity

in pre-activation processes.

Combined together, these studies suggest that pre-activation processes are generally in-



sensitive to argument roles, but some role-sensitive mechanisms can cause role-sensitivity in

pre-activation measures under some circumstances.
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1 Introduction

Prediction supports various aspects of human cognition. For example, when someone is

playing catch, they do not start moving the glove when the ball actually arrives. Knowledge

about physics and experience provide clues for how the ball will fly. They use this information

and the trajectory of the ball to generate predictions about where the ball will go and use

them to successfully catch it.

Language processing is a part of this broader pattern in human cognition. There are pre-

dictable patterns in linguistic inputs just like thrown balls. It follows the grammar instead

of physics, and the comprehender’s experience tells them how the utterances are likely to

unfold. Such knowledge and experience, combined with contexts, provide clues for what is

likely to appear next in language comprehension. Ample evidence has shown that compre-

henders in fact do not wait for new linguistic inputs and passively process them. Rather, the

processing of likely future inputs begins even before they are observed, as we will see later

in this chapter. Such a head start in language processing facilitates language processing and

may enable remarkably quick and robust processing of language.

How do people carry out such predictions in language processing? In order to answer

the question it is important to understand the mapping from people’s knowledge and con-

textual information onto prediction. Importantly, such processes of prediction themselves

are not observable. Therefore, researchers use observable dependent measures of prediction

to indirectly measure it. In order to investigate prediction, it is necessary to have clear and

supported theories for the measures. Thus the investigation of prediction can be described as

constructing theories about the mechanisms of prediction generation, which is the mapping
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from contexts and knowledge to prediction, and also the processes underlying measures of

prediction, which is the mapping from prediction to observable measures.

This thesis will focus on the prediction of lexical items in language processing, and aims

to develop a consistent account of generation and measurement of lexical prediction. I take

“argument role reversals” such as (1a) and (1b) as useful test cases. In prior studies, some

measures of prediction were matched for the served in two contexts even though it should

only be predicted in (1a) but not in (1b). Based on these findings researchers have argued

that the roles of arguments customer and waitress do not influence predictions about the

verb, and hence served is predicted similarly in the two contexts. On the other hand, other

measures were not matched for the two served, suggesting that argument roles are appropri-

ately used for prediction and served in (1a) is more predicted. Such cases of misalignment

can be especially useful because they yield insights about both the mechanism of predic-

tion generation and the theories of measures. By reconciling the apparently contradictory

findings and being informed by different measures, we can form a better understanding of

whether and how argument roles impact prediction. Furthermore, careful comparison of dif-

ferent measures and examination of the causes of the discrepancy are informative about what

different measures reflect. Therefore, in this thesis, I aim to better understand prediction

generation and prediction measures through argument role reversals, combining experiments

and computational modeling.

(1) a. The restaurant owner forgot which customer the waitress had served.

b. The restaurant owner forgot which waitress the customer had served.
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1.1 Prediction in language processing

The process of retrieving lexical information from long-term memory has been considered

as parallel activation of lexical representations. In bottom-up lexical processing, given form

information such as sound or strings of letters, lexical representations consistent with the

observed form are activated in parallel. Retrieval of lexical representations requires a suffi-

cient amount of activation (e.g., Morton, 1969; McClelland & Elman, 1986; Marslen-Wilson,

1990).

The form is not the only source of lexical activation. Lexical representations (and/or

semantic features associated with them) can be activated predictively via contextual infor-

mation as well, even with the absence of the bottom-up information (Federmeier & Kutas,

1999; Lau, Phillips, & Poeppel, 2008). For example, in (2), the context The cop arrested the

... provides clues for what will be mentioned next. Therefore thief is activated beforehand,

which facilitates the processing of the lexical item once it is actually observed. In this thesis,

I will henceforth refer to such context-driven lexical activation as “(lexical) pre-activation”

for simplicity, following the prior literature.

(2) The cop arrested the thief.

The notion of lexical representations above involves much simplification since lexical rep-

resentations consist of multiple levels. Levelt (1989) argued that there are three levels:

lexeme, lemma, and (lexical) concept. Lexemes represent the forms, lemmas represent the

syntactic information, and the concept represents the meanings. The distinctions are im-

portant because there are not necessarily one-to-one mappings between the representations

in different levels. For example, homophones such as bank as a rising ground or as a finan-
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cial institution have separate lemmas and concepts, but they share the lexemes. On the

other hand, synonyms such as save and rescue have shared or very similar concepts but have

distinct lemmas and lexemes.

Since this study is an initial attempt to bring multiple pre-activation measures into a

single model, I will assume in this thesis for simplicity that there is only a single level of

lexical representation without making the distinctions between different levels, despite the

complexity in the structure of lexical representations. This simplification can be valid under

the assumption that activations and/or predictions at one level of lexical representations

transparently influence activations/predictions at other levels, as assumed in many mod-

els addressing lexical and lexico-semantic processing (interactive activation and competition

models: e.g. Chen & Mirman, 2012; Bayesian hierarchical generative models: e.g. Kuperberg

& Jaeger, 2016). For example, when the conceptual representations are predicted, the lem-

mas connected with them are also predicted/activated, and vice versa. However, it is yet to

be known how exactly the different levels of lexical representations are connected with each

other, but it is left for future investigation.

Many studies have provided evidence that people in fact pre-activate lexical representa-

tions using contextual information. Some evidence comes from anticipatory looks at visual

objects. A number of studies showed that, when presented with a picture visually and a

sentence auditorily, people looked at visual objects that were likely as continuations for the

sentences even before they heard the object being mentioned (e.g., Altmann & Kamide, 1999;

Kamide, Altmann, & Haywood, 2003). Another type of evidence comes from facilitated pro-

cessing of more predictable lexical items compared to less predictable ones. It is known that

in eye-tracking experiments people spend a shorter time reading predictable lexical items and
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skipped them more often compared to less predictable lexical items, which is often considered

to reflect lexical processing (e.g. Ehrlich & Rayner, 1981; see Staub, 2015 for review). Fur-

thermore, a number of EEG studies have shown that less predictable lexical items compared

to more predictable lexical items induce a reduced neural activity pattern which is considered

to reflect the smaller effort for lexical processing (N400: e.g., Kutas & Hillyard, 1984; Kutas

& Federmeier, 2011; Nieuwland et al., 2020). The linking hypotheses of these measures are

discussed in Section 1.2.2.

1.2 The simple model of lexical pre-activation

In order to advance our investigation of prediction incorporating the theory of lexical predic-

tion generation and prediction measures, I propose a model that I will refer to as the Simple

Activation Model as a starting point (Figure 1). The model consists of a continuously vary-

ing activation mechanism that is assumed to underlie diverse experimental measures, plus

mechanisms that link the shared activation mechanism to specific experimental measures.

The key feature of the model is that this brings theories of prediction generation and theories

of different pre-activation measures into a single model with a shared underlying currency. I

suspect that this model is an oversimplification of the relevant cognitive mechanisms, but it

is a valuable tool because it can form the basis of experimental and modeling studies explor-

ing the relationship between different experimental measures. This thesis uses this Simple

Activation Model to guide the studies and aims to understand the underlying processes of

prediction generation and measurement through elaborating this model. In the rest of this

subsection, I synthesize prior studies to describe the features of the Simple Activation Model.
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Figure 1: An illustration of the Simple Activation Model. Based on stored knowledge and the
context, different lexical items are activated in parallel as possible continuations. Dependent mea-
sures reflect the same pre-activation in their own ways.

1.2.1 Pre-activation mechanism

The core feature of the pre-activation mechanism in the Simple Activation Model is to map

the contextual information and stored knowledge onto the pre-activation of lexical repre-

sentations. Some parts of this process can be framed as memory retrieval processes. Some

researchers (Chow, Momma, Smith, Lau, & Phillips, 2016; Brouwer, Crocker, Venhuizen, &

Hoeks, 2017) argue that this is a memory retrieval process where relevant stored knowledge

is retrieved using contextual information. For example, under Chow, Momma, et al. (2016)’s

account, in the context of (3), people use the action of arrest and the event participant cop

and activate the likely event representations involving these two that are going to be de-

scribed. Thus the event of “a cop arresting a thief” or “a cop arresting a suspect” might be

activated, and based on the activation of the event representations, the lexical representations

associated with the likely event participants in the event (thief and suspect) are activated.
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(3) A cop arrested a ...

Input to the pre-activation mechanism

Contextual information is one of the inputs to the pre-activation mechanism. Many re-

searchers have argued that pre-activation is sensitive to various types of contextual in-

formation (simple lexical association: Liao, Lau, & Chow, 2022; verbs’ selectional restric-

tions: Altmann & Kamide, 1999; negation: Nieuwland & Kuperberg, 2008; event knowledge:

Kamide et al., 2003; Bicknell, Elman, Hare, McRae, & Kutas, 2010; Rabs, Delogu, Dren-

haus, & Crocker, 2022; the relationship between multiple events mediated by discourse con-

nectives: Xiang & Kuperberg, 2015; discourse specific characteristics of objects: Nieuwland

& Van Berkum, 2006). The abundant evidence for appropriate activation has led some re-

searchers to argue that people immediately use all available information to activate upcoming

lexical items (e.g., Altmann & Mirković, 2009).

The other input is the knowledge of the comprehender. Much fewer studies have been

conducted on the structure of the knowledge used for prediction, but there are some prior

studies on the models of event knowledge (e.g., Venhuizen, Crocker, & Brouwer, 2019). I

will discuss some specific features of the event knowledge representations in Chapters 3 and 7.

Competitive dynamics

One crucial feature of the pre-activation mechanism is that lexical candidates are activated in

parallel. For example, when presented with a context (2), people do not only activate the pre-

sumably most likely continuation thief, but also less likely continuations such as smuggler at

the same time. The parallel activation assumption is supported by studies showing spreading
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activation between candidates. Some studies have shown that unpredictable candidates can

be pre-activated by spreading activation from highly-pre-activated lexical candidates that are

related to them (e.g., Kleiman, 1980; Kutas & Hillyard, 1984; Federmeier & Kutas, 1999).

Such spreading activation requires simultaneous pre-activation of multiple candidates.

The parallel activation is also supported by studies using a task called the speeded cloze

task. The response latency patterns in this task can be straightforwardly explained by

competition between lexical items activated in parallel, which will be discussed in Section

1.2.2.

Another important feature is that accumulation of pre-activation is not deterministic but

there is some random variability. Even the same lexical item in the same context may ac-

cumulate activation differently in different trials. Therefore, while highly predictable lexical

items may typically accumulate activations quickly, they may accumulate activations slower

than they usually do in some trials. This assumption is necessary to account for the proba-

bilistic responses in the cloze task, which will be introduced in Section 1.2.2 and be discussed

in more detail in Chapter 2.

1.2.2 Linking hypotheses

In this model, different experimental measures of prediction are considered to be relatively

straightforward reflections of lexical pre-activation. The crucial assumption is that all the dif-

ferent measures take (the same) lexical pre-activation as their inputs, and output observable

behavioral or neural measures. Figure 2 illustrate the linking hypotheses of the measures,

which are described in more detail in this subsection. As a starting point, I assume that

the different experimental measures all tap into the same underlying activation of lexical
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candidates, and refer to them as pre-activation measures. However, I will explore in the later

chapters the possibility that some of the putative pre-activation measures in fact reflect other

processes.

(a) Confrontation measures (b) Cloze measures (c) Anticipatory looks

Figure 2: Hypothetical figures of measures of pre-activation. Confrontation measures reflect
distance from lexical access threshold. Cloze responses are the first lexical items that reach the
threshold, and cloze RTs reflect the time to reach the threshold. Anticipatory looks in the Visual
World Paradigm reflect the ratio of activation.

Confrontation measures

The amount of pre-activation is often measured by presenting continuations for contexts to

people and observing reactions to them. While the exact forms of the output measures are

variable, they are the same in that they measure reactions to presented continuations, and

the reactions is considered to reflect the ease or difficulty of retrieving lexical representations

or the semantic representations associated with them given the presented form of the lex-

ical items. Highly predictable lexical items are easily retrieved because a large amount of

activation has accumulated prior to the presentation of the lexical item compared to less pre-

dictable items (Figure 2a). These highly pre-activated items can easily reach a threshold for

lexical retrieval once they are presented, while it is more difficult for less pre-activated items

to reach the same activation threshold. Thus reactions to continuations reveal the distance
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from the activation threshold to the accumulated pre-activation. I will refer to these mea-

sures as “confrontation measures” of pre-activation because they involve the confrontation

of specific continuations and measure reactions to them.

One of the most commonly used confrontation measures is the N400 component. N400 is

a component of the event-related potential (ERP), a negative deflection of the ERP starting

around 250ms and peaking around 400ms after the onset of a lexical item. Every meaningful

lexical item evokes this neural pattern, but it is known that the amplitude of this component

follows the predictability of the item given the context. A lexical item that is more predictable

in the context elicits smaller N400 amplitude compared to less predictable items (e.g., Kutas

& Hillyard, 1984). The increase in N400 amplitude in response to less predictable lexical

items is known as the N400 effect (Figure 3). Therefore the amplitude of this component

is often interpreted to reflect the amount of activation required to access the lexical item or

its meaning, and highly pre-activated lexical items need less of additional activation (Kutas

& Federmeier, 2000; Lau et al., 2008). Under this account, if a pair of lexical items elicit

a contrast in N400 amplitudes, the difference corresponds to a contrast in the amount of

pre-activation that accumulated by the time the items were perceived and processed (Figure

2a).

Figure 3: An example of the N400 component and the N400 effect, taken from an EEG experiment
in Chapter 4. Negative voltages are plotted upwards.

10



While I assume here that the N400 component reflects lexical pre-activation, it is im-

portant to note that there are competing linking hypotheses regarding the interpretation of

N400 amplitude. While the account introduced above claims that the N400 component is

sensitive to the activation at the lexical level that accumulated before the bottom-up pro-

cessing of the lexical item, some researchers have argued that it rather reflects processes to

integrating lexical items into combinatorial semantic representations after retrieving lexical

representations (e.g., Brown & Hagoort, 1993). Under this integration account, the N400

effect is greater for unexpected items because they tend to be inconsistent with the meanings

of the preceding contexts, and hence they are more difficult to integrate into the semantic

representation of the sentence. This account differs from the predictive/lexical account of

N400 effects in that (i) the N400 reflects the state of the combinatorial representation rather

than individual lexical or lexico-semantic representations, and (ii) the process reflected in the

N400 is not predictive, in that it occurs after the bottom-up processing of the lexical item.

There is also an account of the N400 component that it reflects both predictive and

combinatorial processes. Rabovsky, Hansen, and McClelland (2018) argued that the N400

amplitude is a measure of the cost of updating probabilistic representations of the meaning of

the sentence. In their account, people consistently predict what the meaning of an utterance

would be as they comprehend its parts incrementally. A highly predictable lexical item

requires a minimal update in the predictive utterance meaning representation. On the other

hand, unexpected lexical items call for a large update in the semantic representation. I will

discuss these possibilities in Chapters 3, 6, and 7.

Although I do not discuss these measures extensively in this thesis, eye movements during

reading are also often used as measures of pre-activation. First fixation times and the skipping
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rates are often considered to reflect lexical access. The first fixation time is the duration of

the first eye fixation on a word until the eyes move to another place, and the skipping rate

is the probability of a word not being fixated at all. First fixations on unpredictable words

are longer than for predictable words, and more predictable words are more likely to be

skipped (Ehrlich & Rayner, 1981; Staub, 2015). These can also be interpreted to reflect

the accumulated pre-activation. More pre-activation results in faster completion of lexical

retrieval and hence triggers an earlier eye movement to another word. In extreme cases, the

pre-activation for a lexical representation is so high that early lexical processing is completed

even before people move their eyes on the corresponding word. In such cases, the word is

skipped without being fixated on at all (e.g. E-Z Reader model of eye-movement control:

Reichle, Pollatsek, & Rayner, 2012).

Other measures of lexical processing can also be used as measures of pre-activation.

The lexical decision task is often used to reveal lexical activation. In this task, experiment

participants are asked to judge if a presented string of letters is a real word that exists in

the target language or is a meaningless non-word. More activated lexical items are faster to

be judged as a real word. For example, when a semantically related lexical item is presented

prior to the target lexical item (“prime”), lexical decision latencies are known to be shorter,

reflecting the spreading activation from the prime (e.g., Meyer & Schvaneveldt, 1971; Perea

& Rosa, 2002; Ratcliff, Gomez, & McKoon, 2004). It has also been found that sentential

contexts facilitate lexical decision, and that the decision latencies correlate with another

measure of pre-activation, the cloze probabilities, which are discussed later in this subsection

(Kleiman, 1980).

Finally, the read-aloud task (alternatively, the naming task, or the pronunciation task)
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can be used to measure pre-activation through reactions to the presented continuations as

well. In this task, people simply read aloud a presented lexical item, and the latency of

the speech production onset is measured. It is known that read-aloud latencies are also af-

fected by semantic priming (Stanovich & West, 1983) and by sentential contexts (Seidenberg,

Waters, Sanders, & Langer, 1984). Some researchers argue that read-aloud latencies better

reflect lexical pre-activations, without the influence of judgment processes, compared to the

lexical decision tasks (Seidenberg et al., 1984)

Cloze measures

Pre-activation can also be measured by directly asking people about their predictions without

presenting continuations. In the cloze task (Taylor, 1953), participants are presented with

sentence fragments and are asked to provide a continuation to each of them. This is different

from other measures where the prediction is implicitly probed via the amount of facilitation

in the processing of the presented item. Responses are aggregated, and the proportion of

responses corresponding to each lexical item is used as a measure of prediction and is called

the “cloze probability” of the lexical item. In most cases, it is the number of participants who

produced that lexical item divided by the total number of participants. While most cloze

studies have collected responses without any time pressure, more recently, some studies have

measured the reaction times (RTs) in the cloze task, and used them as a measure of prediction

too (e.g., Staub, Grant, Astheimer, & Cohen, 2015; Ness & Meltzer-Asscher, 2021b). Table

1 is a set of hypothetical cloze data following the context (4).

(4) The cop arrested the ...
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Item Cloze probabilities Cloze RTs
thief 40% 900ms
suspect 20% 1100ms
burglar 10% 1300ms
... ...
dog 0% -

Table 1: Hypothetical cloze data for the context (4).

Cloze measures have some potential advantages compared to confrontation measures.

Since the task does not involve the direct presentation of continuations, researchers do not

need to pre-determine one or a few lexical items to investigate for each context. They can

instead analyze the group of lexical items produced by experiment participants. Furthermore,

the task allows researchers to avoid the data being skewed by reactions to presented stimuli

that are often anomalous.

Staub et al. proposed the Race model as the linking hypothesis for these measures. They

argue that, in each trial, the candidate item that reaches the threshold first and wins this

“race” is produced. As introduced in the previous section, there is between-trial variability

in the speed of activation of the same item in the same context. Therefore, items that are

generally activated quickly are more likely to be produced, but sometimes other items can

outperform them. Then, the cloze probability is the probability that an item reaches the

threshold first, and the RT is the time it takes, on average, to reach the threshold (Figure

2b). Therefore, the items which are activated faster are produced more often and faster,

resulting in high cloze probabilities and shorter cloze RTs.

This is in contrast with popular views that preceded this model. Some researchers as-

sumed that cloze production reflects a sampling from the subjective probabilities that people
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hold (e.g., Smith & Levy, 2011). In the example above, each participant believes that thief is

40% likely to follow the context (4), and suspect is 20%, and burglar is 10%. They randomly

determine which word to produce following these probabilities, and as a result, the cloze

probability is roughly identical to the subjective probabilities. While this sampling view and

the Race mode agree about the parallel prediction of multiple candidates, there is another

view that considers that only a single item is predicted and pre-activated in each trial (e.g.,

Van Petten & Luka, 2012). The different cloze probabilities of competing candidates arise

from individual difference among the participants. In the example above, thief is the best

continuation for 40% of the participants, while it is not considered at all by the other 60%.

Staub et al. (2015) showed that the Race model accounts for the human cloze responses and

their RTs the best, as will be reviewed in Chapter 2.

The offline cloze tasks are used much more frequently than the speeded cloze task, but how

the offline cloze responses are generated is not known. One simple view is that it reflects the

same basic race processes as the speeded cloze task, but there are some additional processes

that can modify the responses. For example, in the offline cloze task, participants might

compare multiple candidates from a single race that reached the threshold and choose one

from those candidates, for example, because the lexical candidate fits the context well, or

possibly because that candidate makes them sound smart. Such additional processes are in a

black box in that those processes are currently unknown and would also be difficult to model.

Since we do not control what participants are doing with the additional time they have in

the offline cloze task, those processes could be highly variable between participants or even

within participants.

Then, there are two ways to interpret the offline cloze probabilities. One might highlight
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the black box component that modifies the race processes. The additional process could be

considered to be refining the responses using semi-unlimited time and cognitive resources,

and the offline cloze probabilities can be taken to show the upper bound of people’s ability

to use contextual information in prediction. Most researchers seem to interpret the offline

cloze probabilities in this way. In fact, offline cloze probabilities have been mostly used as

measures of predictabilities of lexical items given the contexts to norm experiments using

other measures.

On the other hand, one might highlight the similarity between the speeded and offline

cloze tasks and take the offline cloze probabilities as measures of pre-activation that are

noisier than the speeded cloze data due to the black box component. In fact, as Staub et

al. (2015) show, there is an extremely high correlation between speeded and offline cloze

probabilities (r = .91). This suggests that the contribution of the shared processes is large

despite the black box processes. Therefore, the offline cloze probabilities can be interpreted

as measures of pre-activation that might be skewed by the additional processes.

Anticipatory looks in the visual world paradigm

Finally, anticipatory eye movements in the visual world paradigm are also commonly used as

prediction measures. The visual world paradigm (Tanenhaus, Spivey-Knowlton, Eberhard,

& Sedivy, 1995) is a paradigm where participants observe visual objects in front of them as

they listen to linguistic inputs auditorily. The choice of the object to look at is considered

to reflect real-time lexical activation: people might choose which visual object to fixate on

depending on the activation of the lexical representation corresponding to each object. The

proportion of looks to each object averaged across trials is considered to reflect the ratio
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of lexical activation. In fact, Allopenna, Magnuson, and Tanenhaus (1998) found that a

model of lexical activation (TRACE model; McClelland & Elman, 1986), together with the

Luce choice rule (R. D. Luce, 1959) to convert activations into response probabilities, closely

matched human behavior in the task.

Furthermore, it has been reported that people start looking at visual objects that are

likely to be mentioned later in the sentence (e.g., Altmann & Kamide, 1999; Kamide et al.,

2003). Therefore the proportion of anticipatory looks at each presented item may reveal the

ratio of pre-activation of each item (Figure 2c). This is different from other measures in

that it does not measure reactions to continuations that are directly presented as parts of

utterances as in confrontation measures, nor does it elicit continuations from participants

like the cloze task. Rather, the candidate visual objects have already been presented to

participants well before they hear the target lexical item.

1.3 Mismatching measures

The Simple Activation Model predicts that different pre-activation measures should align

with each other. This is because of the two assumptions of the Simple Activation Model: (i)

the underlying processes generating pre-activation are the same across different measures, and

(ii) different measures relatively straightforwardly reflect the common underlying processes.

In fact, this is true in most cases, and many prior studies have highlighted the parallelism

between different measures, mostly between each measure and (offline) cloze probabilities

(e.g., Kleiman, 1980; Seidenberg et al., 1984; Ehrlich & Rayner, 1981; Kutas & Hillyard,

1984; Federmeier, 2007).

However, there are notable exceptions to this pattern. One such exception arises in the
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case of argument role reversals. Multiple sources of evidence suggest that comprehenders

activate verbs that are inappropriate continuations given the argument roles of prior noun

phrases. Concretely, the verb served is a likely continuation given the preceding context in

(1a), but it is an unlikely continuation in (1b), due to the reversed arguments repeated below

as (5a) and (5b). Many studies in different languages reported that the N400 is matched in

amplitude for continuations such as served in the two contexts, despite the clear contrast in

predictability (English: Kuperberg, Sitnikova, Caplan, & Holcomb, 2003; Kim & Osterhout,

2005; Chow, Smith, Lau, & Phillips, 2016; Dutch: Kolk, Chwilla, van Herten, & Oor, 2003;

Hoeks, Stowe, & Doedens, 2004; Mandarin: Chow, Lau, Wang, & Phillips, 2018; Liao et al.,

2022; Japanese: Oishi & Tsutomu, 2010; However, see Bornkessel-Schlesewsky et al., 2011 for

exceptions). There are also some consistent findings from eye-tracking studies (Visual world

paradigm: Kukona, Fang, Aicher, Chen, & Magnuson, 2011; eye-tracking while reading:

Burnsky, 2022). These findings have been taken as evidence for role-insensitive activation of

upcoming lexical items (e.g., Chow, Momma, et al., 2016; Kuperberg, 2016; Brouwer et al.,

2017).

(5) a. The restaurant owner forgot which customer the waitress had served.

b. The restaurant owner forgot which waitress the customer had served.

Importantly, we take these studies to inform us about the predictions that people generate

based on appropriately identified argument roles, rather than reflecting mis-interpretation.

That is, we do not take them to show that people systematically misinterpret the argument

role reversal sentences such as (1b) as appropriate sentences such as (1a). In fact, in most

of the studies above (Kuperberg et al., 2003; Kolk et al., 2003; Hoeks et al., 2004; Kim &
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Osterhout, 2005; Chow et al., 2018; Liao et al., 2022), participants report that argument role

reversals such as (1b) are implausible in the comprehension questions. Therefore, even when

people obtain the accurate interpretations of the sentences, the N400 component still shows

no sensitivity to argument roles. Therefore, we use argument roles to investigate potentially

inappropriate predictions, rather than misinterpretations.

On the other hand, people seem to be sensitive to argument roles in the cloze task.

Many of the prior studies above used an untimed cloze task to norm the predictability of

the target lexical items, and confirmed that role-appropriate items such as served in (5a)

had clearly greater cloze probabilities compared to role-inappropriate items such as served in

(5b). Furthermore, Chow, Kurenkov, Kraut, and Phillips (2015) provided suggestive evidence

showing that this was also the case for the speeded cloze task. These findings suggest that

argument roles are in fact used for pre-activation in contrast with the findings with other

measures. Thus different measures of pre-activation tell inconsistent stories about whether

argument roles impact lexical pre-activation.

In this thesis, I will mainly explore argument role reversals because they provide use-

ful insights about two interrelated parts of the Simple Activation Model: the pre-activation

mechanisms and the theories of measures. First, argument role reversals help us understand

the mechanisms generating pre-activation. That is, whether argument roles directly impact

the activation profiles, yielding greater activation for role-appropriate lexical candidates and

smaller activation for role-inappropriate candidates. In fact, this question is particularly

interesting, given that prior N400 and eye-tracking studies are potential exceptions to the

general success of human prediction in language comprehension. Considering that people

make successful predictions using a variety of contextual information, it is surprising that ar-
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gument roles do not seem to influence lexical predictions, even though argument roles provide

crucial information about sentence meaning. This raises questions about the apparent pat-

tern that all the available contextual information impacts predictions immediately. Second,

the mismatch between measures helps us to refine the linking hypotheses under the Sim-

ple Activation Model. As discussed above, each pre-activation measure has its own linking

hypothesis motivated by prior studies, and each has been taken to relatively transparently

reflect pre-activation. However, this is inconsistent with the finding of a mismatch among

the different pre-activation measures. Careful examination of why different measures yield

apparently inconsistent findings will help us refine the linking hypothesis of each measure.

Such explorations of prediction generation and prediction measures are greatly facilitated

by using the Simple Activation Model, which brings multiple measures in a single coherent

model.

1.4 Outline of the thesis

This thesis is structured as follows. Before directly examining the discrepancy between pre-

activation measures, Chapter 2 investigate the linking hypothesis of the speeded cloze task.

As mentioned above, the speeded cloze task has some characteristic advantages compared to

other measures. However, fewer studies have been conducted for the processes underlying the

speeded cloze task compared to other measures, despite its potential usefulness. In Chapter

2, I first take the Race model proposed by Staub et al. (2015) as the theory of the underlying

processes of the speeded cloze task, and argue that the original model cannot explain a

quantitative pattern of human speeded cloze data. I propose a refined model keeping the

principles of the model, but with the additional assumption of lateral inhibition in pre-
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activation. I demonstrate through a computational simulation that this model successfully

explains the human speeded cloze data.

Based on this refined linking hypothesis, I subsequently lay out the relationship between

underlying cognitive constructs and observable cloze measures in Chapter 2. I demonstrate

through a computational simulation that cloze probabilities are measures of levels of acti-

vation, whereas cloze reaction times are measures of the rate of activation. Furthermore,

I propose a more refined view of the characterization of contexts. Researchers have used

the highest cloze probability or the entropy of cloze responses as the standard measure of

“contextual constraints” in sentences, where “high constraint” refers to a situation where a

context leads to a single lexical item being highly activated while other lexical items receive

little activation. I argue that this in fact conflates two different aspects of sets of lexical

items that are pre-activated based on a context: (i) the dominance of a single candidate and

(ii) the availability of candidates. I demonstrate that different cloze measures can be used to

measure each of these.

In Chapter 3, I demonstrate that the N400 and the speeded cloze measures do not align

with each other in argument role reversals. I reanalyze a prior Japanese EEG experiment

on argument role reversals, and conduct a new speeded cloze experiment that was closely

matched with the EEG study in terms of the timing and stimuli. These experiments show

that N400 amplitudes are matched for role-appropriate and inappropriate verbs, while cloze

responses were predominantly role-appropriate. Such a discrepancy is unexpected given the

Simple Activation Model of lexical pre-activation, especially the prior linking hypotheses of

the N400 and that of the speeded cloze task I refined in Chapter 2. This can be explained

by two competing hypotheses regarding the role of argument roles in pre-activation and
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what different measures reflect. The symmetric pre-activation hypothesis maintains that

pre-activation may be insensitive to argument roles and N400 reflects that. Under this view,

the role-sensitivity found in cloze responses must reflect post-lexical role-sensitive processes.

Alternatively, the asymmetric pre-activation hypothesis posits that pre-activation may be

sensitive to argument roles, and cloze measures transparently reflect that. Under this ap-

proach, N400 amplitudes match for role-appropriate and role-inappropriate verbs in reversal

sentences because the N400 is affected by post-lexical role-insensitive processes.

The following chapters examine the symmetric pre-activation hypothesis and the asym-

metric pre-activation hypothesis. Chapter 4 shows that role-inappropriate candidates are ac-

tivated in the speeded cloze task even though they are very rarely produced. A set of speeded

cloze experiments are conducted to measure the activation of unspoken role-inappropriate

candidates (lures) through the context-wise variability of the strengths of lures. The anal-

yses show that contexts with stronger lures have slower role-appropriate RTs, presumably

reflecting the inhibition from the lures. Additionally, contexts with stronger lures are also

associated with more frequent production of role-inappropriate responses. These suggest

that the role-inappropriate candidates are activated to the extent that they can inhibit role-

appropriate responses and can be produced through the race process.

In Chapter 5, I attempt to obtain direct evidence for the symmetric pre-activation hy-

pothesis or for the asymmetric pre-activation hypothesis. I utilized two tasks, the lexical

decision task and the read-aloud task, and the distributional analyses of the RTs in those

tasks. This allows me to isolate the effect caused by pre-activation from the effect caused by

post-lexical processes. The read-aloud task shows no sensitivity to argument roles, but the

lexical decision task showed sensitivity to argument roles, which provides mixed evidence for

22



the role-sensitivity of pre-activation.

Chapter 6 explores the influence of role-appropriate competitors on the role-inappropriate

competitors through new analyses of the speeded cloze data collected in Chapter 4. I specif-

ically focus on a finding by Ehrenhofer, Lau, and Phillips (2019), where N400 amplitudes

show sensitivity to argument roles when specific stimuli are used. I demonstrate that the role-

sensitivity of N400 amplitudes find in Ehrenhofer et al. is caused by strong role-appropriate

competitors competing with the role-inappropriate candidates that elicited the N400 effects.

I argue that this finding cannot be explained by a generally role-sensitive mechanism with a

partial sensitivity to argument roles.

Finally, in Chapter 7, I synthesize the findings from the experiments and computational

simulations in this thesis. The contributions from the studies are incorporated into the Simple

Activation Model to refine and elaborate the model. I provide refined views on the linking

hypotheses of pre-activation measures. I also discuss what pre-activation mechanisms would

be able to explain the role-(in)sensitivity of pre-activation found in this study.
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2 The speeded cloze task and the Race model

One of the most broadly used measures of lexical prediction is the cloze task (Taylor, 1953).

In the cloze task, participants are presented with contexts and they are asked to provide

a continuation for each of them. The responses are aggregated and the probability of each

response, the cloze probability is obtained. In most cases, it is the number of participants

who produced that lexical item in that context divided by the total number of participants.

Most cloze studies are untimed and the offline cloze probability is broadly used as a norm for

studies using other pre-activation measures, where it is assumed to show the upper limit of

prediction given abundant processing resources (e.g., Kutas & Hillyard, 1984). On the other

hand, some researchers have recently used the speeded cloze task as an online measure of

pre-activation (e.g., Staub et al., 2015; Ness & Meltzer-Asscher, 2021b). This allows us to

utilize not only the cloze probability but also the latency of cloze responses, i.e., the cloze

reaction times (RTs), which can shed light on different aspects of lexical prediction, as will

be discussed in detail in this chapter.

Despite the broad use of the cloze task, surprisingly little is known about the processes

underlying the task. Focusing on the speeded cloze task, this study aims to investigate how

cloze responses are generated through two sets of computational simulations. While the Race

model proposed by Staub et al. (2015) successfully explains the general qualitative patterns

of the human speeded cloze data, I demonstrate that it cannot capture the quantitative

patterns of the same data set without using unrealistically large values for its parameters. I

argue that the quantitative pattern can be successfully explained by maintaining the Race

model structures for the underlying processes of the speeded cloze task, but adding one
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reasonable assumption of lateral inhibitory competition between pre-activated lexical items

in the mechanism of prediction generation. This assumption is consistent with findings in

bottom-up lexical access.

2.1 The processes underlying the (speeded) cloze task

Staub et al. (2015) proposed a Race model as a theory of the processes underlying the speeded

cloze task. This is a member of a class of models called sequential sampling models (see

Ratcliff et al., 2016 for review). In sequential sampling models, decision-making processes

are understood as a gradual accumulation of evidence. A decision is made once sufficient

evidence is gathered and a threshold for evidence is reached. Under the Race model, people

activate candidate lexical items in parallel that can follow the context. Different candidates

are activated depending on some function of people’s long-term knowledge and the context,

and the one that reaches the threshold first is produced, just like a race toward a goal. For

example, a listener/reader would infer that thief is highly likely to follow (6), more than

smuggler, and therefore it is activated quickly. Then thief is likely to reach the threshold

first, and this results in more frequent production of thief (Figure 4a). The amount of

activation shows some variability from trial to trial, and even the same lexical item in the

same context might be activated with different rates on different trials. This allows some trials

where generally slower candidates such as smuggler are activated quickly, and generally more

activated ones such as thief are activated slowly, resulting in the production of the generally-

slower candidate (Figure 4b). Thus the cloze probability reveals the probability of a lexical

item reaching the threshold ahead of its competitors (winning a “race”). On the other hand,

the cloze RT reflects the time the winner took to reach the threshold, as well as the time
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for other processes following the lexical processes such as phonological encoding or motor

planning for production. These measures can reveal pre-activation for lexical items because

quick pre-activation results in both frequent and fast production.

(6) The cop arrested the ...

(a) A trial where thief wins (b) A trial where smuggler wins

Figure 4: An illustration of two hypothetical trials of races for (6) with different outcomes. Thief
would win most of the times (e.g. 4a), but smuggler can finish before it in some trials (e.g. 4b).

The Race model stands in contrast with popular views that preceded it. Some researchers

have proposed that cloze production involves a process of sampling from the subjective prob-

abilities that people hold (e.g., Smith & Levy, 2011). For example, when each participant

believes that thief is 90% likely to follow the context (6), and smuggler is 10%, they randomly

determine which lexical item to produce following these probabilities in the cloze task. As a

result, the cloze probability is assumed to be roughly identical to the subjective probabilities.

While the sampling view and the Race model agree about the parallel activation of multiple

candidates, there is another view in which each person only holds a single prediction at a

time and only a single item is activated (e.g., Van Petten & Luka, 2012). Under this view,

the different cloze probabilities of competing candidates arise from the individual differences

among participants or trial-by-trial differences within the same participant. In the example
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above, thief is the best continuation for 90% of the trials, while it is not considered at all in

the other 10%.

The Race model’s interpretation of cloze probability might be surprising, especially given

the common assumption that the cloze probability of each item, or some kind of probability

that is very similar to it, is represented in the human mind (e.g., Smith & Levy, 2011).

Rather, under this model, a cloze probability is merely an aggregation of the results of

races, and the probability is not itself a part of the cognitive mechanism. What actually

exists in the cognitive mechanism is the activation of lexical representations, and the factors

that determine how fast each lexical item accumulates activation. The cloze probability is a

measure of pre-activation because it reflects these processes, not because the cloze probability

itself is directly encoded in the mind.

Staub et al. showed that the Race model in fact captures some key qualitative patterns of

the human cloze data they collected in two experiments, while the other theories cannot. One

piece of evidence is that cloze probabilities and cloze RTs negatively correlate with each other,

such that frequently-produced items (“high-cloze” items) are generally produced faster than

rarely-produced items (“low-cloze” items). This is expected under the Race model, because

quick activation generally results in both a higher probability of winning a race, which is the

high cloze probability, and a shorter time to reach the threshold, which results in the short

cloze RT.

An arguably more important piece of support for this model is that it successfully pre-

dicts the relationship between a lexical candidate’s RTs and the strength of competing lex-

ical candidates. In human data, if two items share the same cloze probability, the item

with higher-cloze competitors is likely to be produced faster than the one with lower-cloze
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competitors. This can be understood using the Race model. Under the Race model, an

item must be activated quickly in order to win races competing with fast competitors. Since

high-cloze items are generally activated faster than low-cloze items, an item competing with

those high-cloze items is predicted to be produced faster than others.

While the Race mechanism can straightforwardly explain the patterns in the cloze RTs,

the other hypotheses fail to make these predictions. If both high- and low-cloze responses are

generated by the same sampling process and the high-cloze candidates are simply more likely

to be sampled, then there should not be differences between the high-cloze and low-cloze

RTs, without any additional assumptions. Similarly, if each person only activates a single

candidate on any given trial, and if low-cloze responses are just favored by relatively few

people but are still great candidates for them, those low-cloze responses should be produced

just as fast as high-cloze responses. The generally long RTs of low-cloze responses suggest

that they are not great candidates, even for people who actually produced them, compared

to high-cloze responses. Furthermore, it is very difficult for these competing hypotheses to

explain why RTs are faster when there is a stronger competitor.

Staub et al. demonstrated the predictions of the Race model through a set of computa-

tional simulations, where they simulated the race process as samplings from finishing time

distributions. A finishing time (FT) is a time for a candidate lexical item to reach the thresh-

old, which is one key component of the RT. The lexical candidate that has the shortest FT in

each trial is produced. Because the speed of activation is variable and hence the FT of each

item varies from trial to trial, the FT of an item can be considered to follow a probabilistic

distribution. Therefore the race process can be modeled as samplings from FT distributions

(Figure 5). For example, given context (6), three candidates thief, suspect, smuggler would
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have their own finishing time distributions, where the distribution of thief may have the

smallest mean, which means that it generally has shorter FTs compared to the competitors.

If thief ’s FT is 400ms, suspect’s is 800ms, and smuggler’s is 1200ms in one trial as in Figure

5, thief is produced with an FT of 400ms. On the other hand, if on another trial their FTs

are respectively 700ms, 600ms, and 1000ms, suspect is then produced with the FT of 600ms.

Figure 5: Hypothetical finishing time distributions of thief, suspect, and smuggler given context
(6). The three points represent the FTs of those items in one hypothetical trial.

Staub et al. simulated sets of races with different means of FT distributions, and they

found that the FT correlated with the cloze probabilities in those simulations (Figure 6).

Furthermore, they found that competition with quickly activated items was associated with

faster RTs. They used these as support for the model in that the qualitative pattern of the

human data was successfully predicted by the model.
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Figure 6: Results of Staub et al. (2015)’s simulation. The three different shades of dots illustrate
three simulations. Each simulation consist of 100000 races involving a different set of 10 lexical
items. Each dot indicates the response probability (i.e., the cloze probability) of each item and the
RT. The negative correlation between the RT and the cloze probability is seen in all simulations.

Thus the model is successful in accounting for the cloze data, but the evidence remains a

qualitative replication by the simulation. It is not clear how much this model aligns with the

quantitative pattern of human cloze data. The first aim of this study is to examine whether

the slope of the correlation between the cloze probability and the cloze RT is the same in

the human data Staub collected. I found that the slopes of correlation are quite different

between the human data and the simulated data, because people seem to produce slowly

activated items more often than predicted by the Race model. It initially seems that the

problem can be solved by adjusting a parameter of the model, but I show that it instead

results in an overestimation of the RT variability. Hence, this problem cannot be solved

by simply changing the values of the parameters. Secondly, I propose that an additional

assumption of lateral inhibition between the predicted candidates can explain such human

behavior unexpected by the basic Race model.
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2.2 Simulation 1: RT-Probability correlation and FT variability

Although both Staub et al.’s experimental data and their simulated data showed a negative

correlation between cloze probability and cloze RTs, juxtaposing the two sets of data, it is

clear that there is a large quantitative difference between the correlations (Figure 7). Human

data has a much steeper slope compared to the simulations. This means that there are many

“slow wins” in human data that are unexpected by the model. As described above, a lexical

item must be activated fast enough in order to be produced in a cloze trial so that it reaches

the threshold before any other competitors. Therefore, even low-cloze items must be quickly

activated when they win. However, in human data, items that we might expect to be too slow

to win races are somehow winning with slow FTs, resulting in very long RTs for low-cloze

items in human data.

One simple way to address the problem is to change the presumed variability of the FT

distributions. If the variability is large, there is more chance that the generally fast com-

petitors happened to be slow, and therefore when they are activated slowly, generally slower

items can outperform them. Figure 8 illustrates two races with different FT variabilities.

Here, each Lexical item 2 in the two races has the same cloze probability. In Race 1, because

Lexical item 1 has a long FT very rarely, Lexical item 2 must be very fast to finish before

Lexical item 1. On the other hand, in Race 2, Lexical item 2 can win races without be-

ing activated very quickly since the greater variability allows Lexical item 1 to be activated

slowly. Thus with greater variability in the FT distributions, generally slow items can win

more often with long FTs, allowing more chances of slow wins. This enables the slope in the

RT-probability correlation to be steeper because there are more wins with long FTs, resulting
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in longer RTs for the low-cloze items.

Figure 7: Comparison between the experimental and simulated data in Staub et al. (2015). Each
black dot shows the mean RT of all the responses with the same cloze probability across all the
different contexts in Staub et al.’s Experiment 2. The red dots show the cloze probability and the
RT of each lexical item in Staub et al.’s Race 1 simulation.

In fact, computational simulations with the Race model support this prediction. I ran

three sets of races with different variabilities of the FT distributions to examine the effect

of FT variability on the cloze RT-probability relationship. Similarly to Staub et al.’s simu-

lations, each race was simulated by randomly sampling FTs of the competitors from their

FT distributions, and the item with the shortest FT in each trial is chosen as the winner.

However, while Staub et al. just ran races for a single set of competitors, which corresponds

to simulating cloze data for a single context, I randomly generated 10,000 sets of 10 com-

petitors for each set of races, just like simulating 10,000 contexts. The FT distributions were
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Figure 8: Hypothetical FT distributions with different variability. Each lexical item in the two
races has the same cloze probabilities. While Lexical item 2 in Race 1 must have very short FTs to
win the race, Lexical item 2 in Race 2 can win with longer FTs.

normal distributions with parameters of µ and σ, where µ corresponds to the mean of the

FT distribution and σ corresponds to the variability (standard deviation) of the distribution.

Each competitor’s FT distribution had a different value for the parameter µ. In Simulation 1,

µs of FT distributions were generated from another normal distribution whose parameters µµ

and σµ are listed in the table below. Normal distributions were chosen so that competitive,

quickly-activated lexical items are rarer than slower competitors. If the generated µ for the

FT distributions was 2.5σµs further from µµ, the values were replaced with the boundary

values (either µµ + 2.5σµ or µµ − 2.5σµ). For example, when µ = 150 is obtained for Set

1, it is replaced with 250. The purpose of such a replacement is to avoid rare, extremely

fast competitors skewing the data. The parameter σ was either 50, 300, or 500, and it was

constant within each simulation. I simulated 40 trials for each of the 10,000 contexts, and

33



obtained the cloze probabilities and RTs, matching Staub et al.’s experimental data, where

40 participants each provided a response. The shortest FT in each race was transformed into

an RT by adding 350ms, which is the estimate of the time required to complete post-lexical

processes such as motor planning (Indefrey & Levelt, 2004). Figure 9 shows the result of the

simulation. As expected, greater variability of the FT distributions results in steeper slopes.

Set 1 Set 2 Set 3
σ 50 300 500
µµ 550 1250 1750
σµ 120 350 540

Figure 9: The cloze RT-probability correlation in simulations with different FT-variabilities. Each
dot represents the mean RT of all the items with the same cloze probability in each simulation.

I further fit linear models to the data to evaluate the slope in each data set and compared

34



it with the human data1. Since the relationship between the cloze probability and cloze

RT is between linear and log-linear (Staub et al., 2015), it is not clear if it is appropriate

to consider that RT is a linear function of the cloze probability, or of the logarithm of the

cloze probability. Therefore I separately fit RTs against cloze probabilities and log cloze

probabilities. Table 2 reports the values of the coefficients. The table shows that the Race

model requires about 500ms of FT standard deviation to correctly predict the steep slope in

the human RT-probability correlation.

Coefficient:
cloze probability

Coefficient:
log cloze probability

Human data -546.8 -187.1
σ = 50ms -82.9 -25.0
σ = 300ms -351.4 -111.8
σ = 500ms -520.5 -169.0

Table 2: Coefficients of the linear models fit to the human and simulated RT.

While adjusting the parameter of FT varibaility can make the slope of the cloze RT-

probability correlation steeper, the variability that I can observe in the human RT data

suggests that the FT variability must be much smaller than 500ms. Figure 10 illustrates

the variability of the RTs within each lexical item for both human and simulated data sets.

I measured how variable RTs are within each lexical item in each context by obtaining the

standard deviation of the RTs for each item. (For example, the standard deviation for the

RTs of all the thief responses for (6)). Then the RT variability was averaged for all the
1The linear models are not fit to individual responses, but rather to the mean RT of all responses with

the same cloze probability (i.e. the points in Figure 9). Because there are an overwhelmingly large number
of singletons in Staub’s human data (i.e. 2.5% cloze items), linear models for individual responses would
put large weights on those low-cloze items. Since the cloze RT-probability correlation is slightly curved, this
would result in an overestimation of the coefficient of the human data. In order to avoid this problem, I fit
each model to the mean RT of items with the same cloze probability, so that the singletons would have the
same weight on the coefficient as the other items.
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lexical items with the same cloze probability. As shown in the figure, greater FT variability

results in greater RT variability, and the standard deviation of 500ms for the FT variability

(blue dots) results in greater RT variability than the human data (black dots) in the high-

cloze responses. Importantly, the simulated RT variability must be much smaller than the RT

variability in the human data, because the simulations do not take into account many sources

of RT variability other than the FT variability of a lexical item. For example, since RTs are

the sum of the FT and the time for other processes such as motor planning for articulation,

human RTs must be affected by individual differences, properties of each lexical item, or

any other variability in articulatory planning. Therefore, the simulated RTs should be much

less variable than the human RTs, and therefore an FT variability of 500ms amounts to a

substantial overestimation of the RT variability. Thus increasing the FT variability might

explain the slope of the cloze RT-probability correlation, but it causes another issue in the

variability of RTs instead.
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Figure 10: The relationship between the RT variability of each lexical item and the cloze prob-
ability. Each point represents the mean of the standard deviation of the RTs within each lexical
item.

Thus, the quantitative difference in the RT-probability correlation cannot be explained

by simply changing the assumed amount of FT variability, because the amount of variability

needed to account for the human RT-probability slope results in implausibly large RT vari-

ability. Therefore, the slope of the cloze RT-probability correlation poses a serious problem

for the model, which cannot be simply addressed by adjusting the values of the parameters.

People seem to often produce slowly activated items that should not be able to win races

under the basic version of the Race model.
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2.3 Simulation 2: Lateral inhibition

I propose that the Race process underlying the speeded cloze task itself does not need to

be revised, but that an additional assumption of lateral inhibition is required to account

for the steep RT-probability correlation slope in the human data. The original study by

Staub et al. (2015) did not assume any interaction between the competing lexical items, and

the activation of each item is determined only by its own properties and by its relationship

to the context. However, a common assumption in the lexical access literature is that each

lexical item inhibits others, depending on its activation. When an item has a highly activated

competitor, its activation slows down or decreases. This feature is shared by many lexical

access models such as the TRACE model (McClelland & Elman, 1986). I discuss the support

for lateral inhibition in more detail in the discussion section.

Lateral inhibition can explain the large slope of the RT-cloze correlation in the following

way. If more pre-activated items inhibit their competitors more strongly, then the winner of

a close race must have received greater inhibition from its highly pre-activated competitors.

On the other hand, the winner of a non-close race does not have highly activated competitors

and hence it is inhibited less. Thus with lateral inhibition, the activation of winners of close

races is especially slowed down because of inhibition. Since low-cloze items compete with

items that are generally faster than them, they are likely to win primarily in close races

where the competitors lost but were highly activated. On the other hand, high-cloze items

might sometimes also win close races, but they can also often win races by far because

their low-cloze competitors are usually not activated quickly. Therefore, if there is lateral

inhibition between competitors, low-cloze items would be more likely to be strongly inhibited
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by the competitors than high-cloze items would be. This would result in lengthened FTs and

RTs especially for those items. If low-cloze items receive more penalty in their RTs through

inhibition, the slope of the RT-cloze correlation would be steeper.

In order to test this hypothesis, I ran a simulation with lateral inhibition. Just like

the previous simulations, I ran 40 races with 10 competitors for 1000 contexts. Instead

of simulating the races by sampling from the FT distributions, I dynamically modeled the

accumulation of activation and inhibition between the competitors. Each race had cycles, and

in each cycle, each candidate was both activated and inhibited. The increase in the amount of

activation in each cycle followed normal distributions, where each candidate had a different µ

(mean) while σ (variability) was uniform across items. The items that had large means would

be considered as strong competitors since they accumulate activation quickly. The parameters

of the normal distributions were generated from another normal distribution, just like in

Simulation 1, with the parameters of µµ = 0.02 and µσ = 0.02. The amount of inhibition

in each cycle was determined by the amount of activation of the competitors. Candidate i

inhibits all the other candidates depending on their own activation ai,t at time t, following

the formula in (7) (Chen & Mirman, 2012), where the activation ai,t was multiplied by a

sigmoid function of the activation. Highly activated items strongly inhibit their competitors,

while weakly activated items have small effects (Figure 11), which is independently motivated

by neighborhood effects in lexical access studies (Chen & Mirman, 2012). This assumption

prevented strongly activated candidates from immediately inhibiting other candidates and

allowed multiple candidates to be activated initially. The sigmoid inhibition function (7) in

Chen and Mirman (2012) has three parameters. α controls the overall scale of the amount

of inhibition. The amount of inhibition suddenly increases at a certain amount of activation
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in the function (Figure 11), but the other two parameters x0 and β are associated with the

properties of this steep increase. x0 corresponds to where the steep increase is on the x-axis.

β corresponds to the steepness of the increase. The parameters were mostly adopted from

Chen and Mirman (x0 = 0.3, β = 35), but the parameter of α was adjusted for the scale of

the current simulation (α = 1.5). All items had 0.1 activation initially, and the activation was

kept to be greater or equal to the lower limit of 0. Following the Race model assumption, the

item whose activation first reached the threshold of 1 is produced in each race. The number

of cycles was transformed into FTs by assuming that each cycle corresponds to 25ms, and it

is further transformed into RTs by adding 350ms, which is the time the post-lexical processes

are estimated to take (Indefrey & Levelt, 2004).

Ii,t =
αai,t

1 + e−β(ai,t−x0)
(7)

The result shows that the simulation with lateral inhibition closely matches human data

(Figure 12), and the slope is similar to the human data (Table 3). Lateral inhibition enabled

those slow responses of the low-cloze probability items. Figure 13 illustrates the amount of

activation each item lost by inhibition, which is averaged according to the cloze probability of

the item. It shows that low-cloze items lost more activation compared to high-cloze items, as

predicted. The slight decrease in the amount of lost activation for the lower end of the cloze

probability was unexpected. This could be because the extremely low-cloze items sometimes

reached the lower limit of activation, where they could not be inhibited anymore. Overall,

low-cloze items tend to be slowed down by inhibition more than high-cloze items because
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Figure 11: The function of the amount of inhibition each item imposes on its competitors. The
parameters in the figure are the same as the simulation.

they tend to win in close races, and therefore the cloze RT-probability slope is much steeper

in the model with lateral inhibition.
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Figure 12: Cloze RT-probability correlation for the human data and simulated data with lateral
inhibition.

Coefficient:
cloze probability

Coefficient:
log cloze probability

Human data -546.8 -187.1
Simulated data with inhibition -473.5 -173.5

Table 3: The coefficients of the linear model of RTs for the human and the simulated data.
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Figure 13: The cloze probability of an item and the amount of activation it lost by inhibition. As
predicted, lower-cloze probability items lost more activation by lateral inhibition.

While the RT-probability slope is steeper, the variability of the RT is reduced in this model

with lateral inhibition. The model without lateral inhibition results in greater variability in

the RTs than human data, whereas the one with lateral inhibition has smaller variability.

Figure 14 shows the variability of the FT of each item in the current simulation with the RT

variability of human data. It shows that the variability of the simulated FT is consistently

below the human RT. Such small variability is plausible considering the numerous factors

that make human RTs more variable than simulated RTs, such as post-lexical processes.

Thus the Race model with lateral inhibition does not assume too large variability for the

FTs, which was the problem of the original Race model with a large FT variability.
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Figure 14: Relationship between the RT variability in the human and simulated data. The red,
purple, and blue dots are identical to the dots in Figure 10. The green dots represent the within-
lexical item RT variability in the simulation with lateral inhibition.

One concern about lateral inhibition is that its effect might interfere with the relationship

between a lexical item’s RT and the strength of its competitors. As discussed above, it is

found in human cloze data that when two lexical items have matched cloze probabilities, the

one that competes with faster competitors is itself produced more quickly, because it has

to be activated quickly to outperform the fast competitor. Lateral inhibition might work

in the opposite direction, because lexical items competing with faster competitors should

be inhibited by them, and hence they should be slower to be produced compared to those

without fast competitors.

44



However, the amount of inhibition needed to account for the slow winners does not

cancel the relationship between having short RTs and having fast competitors. In fact,

the same model with lateral inhibition also predicts that items that compete with high-cloze

items should be produced faster than those that are not. Figure 15 shows the cloze RT-

probability correlation for items in high- and low-constraint contexts in the simulation with

lateral inhibition. Here the high-constraint contexts are defined as contexts that elicited

lexical items with 50% or higher cloze probability while low-constraint contexts do not. The

figure shows that high-constraint items are consistently produced quickly compared to low-

constraint items across the range of different cloze probabilities. Thus, even with lateral

inhibition, the lexical items that compete with faster competitors are still produced faster

than those that are not, consistent with Staub et al.’s finding in the human speeded cloze

data. Therefore, lateral inhibition between competing lexical items can solve the puzzle of

the cloze RT-probability correlation slope, and it can also predict the association between

being produced with short RTs and having fast competitors.
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Figure 15: Correlation of cloze RT and cloze probability in high-and low-constraint contexts,
where the former has a lexical item with 50% or higher cloze probability.

2.4 Discussion

Despite the importance of lexical predictability in sentence processing and the wide use of

the cloze task to operationalize it, there have been surprisingly few studies investigating the

cognitive processes underlying the task. As one of such studies, Staub et al. (2015) proposed

the Race model where the (speeded) cloze process involves parallel activation of candidate

lexical items, and the item that reaches the threshold first is produced as the cloze response.

While this model successfully captured the general patterns of the human cloze probability

and RTs, only qualitative predictions of the model were examined without detailed discussions
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about the quantitative predictions.

The simulations demonstrated that the original Race model without interaction between

competing lexical items fails to account for the steep slope in the cloze RT-probability corre-

lation. That is, humans’ slow low-cloze responses in the speeded cloze task were unexpected

by the model, because those slowly activated items should not have any chance of winning

a race. The simulations also showed that those slow wins can be accounted for by changing

the parameter of FT variability. However, this adjustment in the FT variability results in

an unrealistic amount of RT variability that is greater than the human data. Therefore, the

slower low-cloze responses cannot be explained by adjusting this parameter.

A subsequent simulation showed that an additional assumption of lateral inhibition suc-

cessfully explains this unexpected pattern in the data. Low-cloze items tend to win close races

and therefore they are inhibited more than high-cloze ones. This results in the low-cloze re-

sponses being much slower than what the model without lateral inhibition expects. Thus

these simulations provide evidence that the pre-activation of lexical items involves inhibitory

competition between the competing lexical items.

Regarding the Simple Activation Model, which consists of a pre-activation mechanism

and the theories of measures, this study has key contributions for both components. First,

it provides new insight into the pre-activation mechanism, especially in how pre-activation

accumulates. The two computational studies provide support for a lateral inhibition mecha-

nism between competing lexical candidates. Second, it contributes to the theories of measures

by reinforcing the Race model as the linking hypothesis for the speeded cloze task. While

the correlation between cloze RTs and cloze probabilities was one of the important supports

for the Race model, the quantitative pattern was in fact inconsistent with the original Race
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model as I demonstrated in Simulation 1. However, I demonstrated in Simulation 2 that

the principles of the linking hypothesis do not need to be changed, but just one additional

assumption in the process of generating pre-activation can explain the quantitative pattern

in human data. Additionally, the implementation of lateral inhibition required a version

of Race model with step-by-step activation. This is a significant advance from the original

model where the race process was simulated as sampling from FT distributions. Such a

step-by-step activation allows for further elaboration of the model, such as a variant with a

monitoring mechanism introduced in Chapter 3.

The finding of the current study is consistent with Ness and Meltzer-Asscher (2021b),

where lateral inhibition between lexical items contributed to explaining the effect of related

and unrelated competitors in a speeded cloze task. They found in their experiment that the

activation of a lexical item is more facilitated by a stronger semantically related competitor,

but it is more inhibited by a stronger semantically unrelated competitor. Their computational

model showed that this is possible when lateral inhibition from strong competitors inhibit

the activation of the lexical item, but related competitors can also facilitate the activation

through shared semantic features.

Importantly, the findings of this study make the cloze task and pre-activation more con-

sistent and comparable with other cases of lexical activation. Lexical pre-activation can be

understood as a special way to access lexical representations without observing the bottom-

up information of the lexical item. Prior studies have provided support for lateral inhibition

in bottom-up lexical activation. Many studies have shown that highly activated “neighbors”

inhibit the processing of the target item. Neighbors of a lexical item typically refer to other

items that share some features with it. For example, in spoken word recognition studies,
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target items with many phonological neighbors are slower to be processed than those with

fewer phonological neighbors (e.g., P. A. Luce & Pisoni, 1998). Such slow processing can

be explained by inhibition caused by highly activated competitors. Frequent phonological

neighbors are highly activated because their phonological features partially match the per-

ceptual input and because they are frequent. Since those neighbors inhibit the activation of

the target, items with frequent phonological neighbors are slower to be identified in spoken

word recognition. In other studies of lexical access such as word production, it is also the

case that highly activated neighbors interfere with the processing of the target items (See

Chen & Mirman, 2012, for review.).

There is one more piece of online evidence from the visual world paradigm for lateral

inhibition. Dahan, Magnuson, Tanenhaus, and Hogan (2001) found that activation of a non-

target item slows down the recognition of the target item. They constructed triplets of two

monosyllabic real words (W1 and W2) and one non-word (N3) which only differed from each

other by the place of articulation of the final stop consonants (e.g. net, neck, and *nep).

One of the real words (W1) was the target item. The triplets were cross-spliced so that

the initial portions before the final consonants were from each word in the triplet, but the

final consonants were always from the target item. For example, in one triplet, stimuli in

different conditions were all net, but the first portions [nE] were taken from net (W1W1), neck

(W2W1), or nep (N3W1). Therefore, there were misleading coarticulatory cues in W2W1

and N3W1. Participants were presented with four pictures including the target item while

they listened to W1W1, W2W1 or N3W1, and their eye movements were recorded. They

found that participants fixated on the target item earlier in the N3W1 condition than in

the W2W1 condition. That is, the target item was recognized more slowly when the first
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portion of the stimuli was the same as a real word but not when it is from a non-word.

This is consistent with models with lateral inhibition because the W2W1 stimuli temporarily

activate W2, which can inhibit the activation of W1, while the N3W1 stimuli does not have

a corresponding lexical representation to be activated. In fact, they ran a simulation using

the TRACE model, which has lateral inhibition as one of its core components, and found

that the model successfully predicts that W2W1 is activated more slowly than N3W1.

Thus, while the current study provides evidence for lateral inhibition in context-driven,

top-down activation in the cloze task, there is existing evidence for lateral inhibition in

bottom-up lexical activation. This is consistent with the idea that bottom-up and top-

down activation (pre-activation) of lexical representations are caused by essentially the same

process, but that only the sources of activation are different. This is a significant advance,

given that there have been very few studies comparing the cloze task and bottom-up lexical

activation.

Thus, this chapter has examined the linking hypothesis of the (speeded) cloze task so far.

Based on these findings, the next section will examine the relationship between observable

measures and the parameters of the model, which presumably reflects the underlying cognitive

states or representations.

2.5 Linking cloze measures and the pre-activation mechanism

Building on the simulations conducted in this chapter, I explore more concrete relationships

between the cloze measures and the underlying pre-activation in this section, through detailed

analyses of the computational model and simulated data. The goal of this section is to

demonstrate that different cloze measures reveal different aspects of pre-activation.
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The nature of the Race model and the structures of the simulations in Chapter 2 enable

us to consider the relationship between two key distinctions about pre-activation that prior

studies did not make clearly. First, there is a distinction between strengths and activation

levels of lexical candidates. Under the Race model, each lexical candidate has its own rate

of pre-activation and accumulates pre-activation based on it. Some candidates such as thief

in (8) are typically pre-activated quickly compared to less likely ones such as smuggler in

(8). In the speeded cloze task, this is reflected in quicker and more frequent production

of thief. Thus, there is a notion of how good each candidate usually is. I refer to typically

quickly activated candidates such as thief in (8) as “strong” candidates, while typically slowly

activated candidates such as smuggler in the same context as “weak” candidates. Whether

a lexical candidate is strong is determined by its relationship with the context and the

knowledge of the comprehender.

(8) The cop arrested the ...

The strengths of candidates are not identical to the transient activation levels of lexical

candidates. As discussed in the previous section, it is not always the case that generally

quickly activated candidates are activated quickly in every trial. Furthermore, even within a

single trial, the same lexical item has different levels of activation at different time points of

the pre-activation process as the activation accumulates. Thus, the amount of accumulated

pre-activation of a lexical candidate can be considered as the transient state of the candidate

as opposed to its stable profiles (strength).

I will argue in this section that strength is better reflected in the cloze RT. This is because

RTs of a lexical candidate are affected by other competitors to a smaller degree compared to
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the lexical candidate’s cloze probability, and hence can better represent its properties. On

the other hand, the (average) level of activation is better reflected in the cloze probability,

because candidates are strongly activated in the cases they are winning races, but are weakly

activated when they are not, due to lateral inhibition. This makes levels of activation resemble

the cloze probabilities when they are averaged across winning and non-winning races.

There is another important distinction regarding the properties of contexts, often re-

ferred to as contextual constraints. While some key cloze measures reveal the strength or the

activation levels of individual lexical candidates as described above (hence “candidate-level

measures”), cloze data can also be used as measures of contexts, regarding the properties

of sets of candidates that are generated given the context (hence “context-level measures”).

One commonly used way to characterize contexts is the contextual or sentential constraints

(e.g. Kutas & Hillyard, 1984; Federmeier & Kutas, 1999; Federmeier, Wlotko, De Ochoa-

Dewald, & Kutas, 2007; Chow et al., 2018). High-constraint contexts have one or a very

small number of highly predictable continuations, whereas low-constraint contexts do not

have highly predictable continuations. This has been often measured by the highest offline

cloze probability for the context (modal cloze probability), or by Shannon’s entropy of the re-

sponses. However, the prior literature contrasting high and low constraint contexts has often

conflated two different notions of whether there are one or more strong candidates available

given the context (availability) and whether there is a dominant candidate (dominance).

I demonstrate that different properties of contexts are better reflected in different context-

level cloze measures. The availability of candidates in the context is reflected in mean RTs of

all responses given the context, whereas the dominance of one candidate in the context can

be measured by the entropy of the cloze responses or the modal cloze probabilities.
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The structures of the model in Simulation 2 enable the investigation of these key distinc-

tions. The original simulation by Staub et al. (2015) only modeled the finishing times, which

are the times for each item to reach the threshold for subsequent processes. This was based

on the assumption that there is no interaction between the competing lexical candidates

and hence the levels of activation were always proportional to the rates of activation. Given

this assumption, it is difficult to make the distinction between the strengths and activation

levels. On the other hand, my computational model implemented step-by-step accumula-

tion of activation in order to model lateral inhibition. This naturally allows the rate of

activation and the accumulated activation to be implemented and measured separately, and

the structure is useful in examining the relationship between strengths/activation levels and

cloze measures. Furthermore, the new computational simulations allow the investigation of

context-level measures. Each of Staub et al. (2015)’s simulations was modeled using only a

single set of candidates, which is comparable to a simulation of a speeded cloze task with

a single context. On the other hand, the computational simulations in the previous section

generated a number of sets of candidates, just like a simulated speeded cloze study with a

number of contexts. This allows the comparison of different contexts which have different

sets of candidates and the examination of the relationship between the properties of contexts

and the context-level measures. Utilizing these features of the model, I analyze the model

parameters and the simulated data in the rest of this chapter.

2.5.1 Candidate-level measures: strength vs activation level

I used the same model with the same parameters as Simulation 2 in this chapter to investigate

the relationship between strengths and activation levels of lexical candidates and cloze mea-
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sures. I generated 1000 sets of lexical candidates and ran 40 races for each set of candidates.

As described in Chapter 2, each candidate obtained new activation in each cycle, and then it

inhibited all its competitors depending on the amount of its total activation. The amount of

pre-activation each candidate accumulates in each cycle was randomly determined based on

normal distributions, where each candidate has a different µ parameter (i.e. the mean of the

normal distribution). The µ value for each candidate was determined by randomly sampling

from another normal distribution. The first lexical candidate whose activation exceeded the

threshold of 1 was chosen as the cloze response. Cloze probabilities were obtained by ag-

gregating those cloze responses and calculating the probability of each candidate winning

the race. Cloze RTs were determined by the cycle when the winning candidate reached the

threshold, assuming that each cycle is 25ms long and that it takes an additional 350ms after

the completion of the race to initiate articulation (Indefrey & Levelt, 2004).

I focus on strengths and pre-activation levels as two important aspects of the pre-activation

process. The strengths are implemented as the µ parameter for each lexical candidate, which

determines the (average) rate of pre-activation. Candidates with greater µ values can be

understood as strong lexical candidates in the context, which tend to accumulate activation

more quickly compared to those with smaller µ values. I also kept track of the amount of

activation for each candidate after each cycle. I took the activation level of each lexical

candidate at the 16th and 32nd cycles, which correspond to 400ms and 800ms after the be-

ginning of the race, and then averaged them across trials. The specific times of 400ms and

800ms were chosen rather arbitrarily, but activation levels at these points can be considered

as states of each lexical candidate’s pre-activation at different points in the race processes.

The relationship between the strengths, the activation levels, and the two candidate-level
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cloze measures (the cloze RTs and the cloze probabilities) is plotted in Figure 16. Table 4

shows the Pearson correlation coefficients. As can be seen in the figure, strengths correlate

with cloze RTs (the top left figure) better than the cloze probabilities (the bottom left figure).

On the other hand, activation levels at both 400ms and 800ms after the race onset were better

captured by the cloze probabilities (the bottom middle and bottom right figure).

Figure 16: Illustrations of the relationship between the strength and activation levels of each
candidate in the model (x-axes) and the simulated cloze measures of each candidate (y-axes). Each
dot represents each lexical candidate. Cloze RTs are averaged for each candidate in the plot.

Strength Activation level (400ms) Activation level (800ms)
Cloze RT -0.82 -0.54 -0.55
Cloze probability 0.76 0.98 1.0

Table 4: The Pearson correlation coefficients of each candidate-level measure and the
strength/activation level.

While there are also strong correlations between cloze probabilities and strengths (lower

left figure), or between cloze RTs and activation levels (upper middle and right figures),

further examination shows that these are mostly caused by correlation between the cloze

RTs and cloze probabilities. Cloze probabilities and cloze RTs are plotted in Figures 17,
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where Figure 17a shows the strength and Figure 17b shows the activation level as the color

of the dots. As can be seen from the figure, the cloze RTs and probabilities correlate with

each other. In Figure 17a, there is a clear pattern that the strength changes along the cloze

RT (y-axis), while there is no clear effect along the cloze probability (x-axis). Conversely,

in Figure 17b, the change in activation level is much clearer along the cloze probability

compared to the cloze RT. Thus the apparent correlation between the cloze probability and

the strength or between the cloze RT and the activation level seems to be mainly arising

from the correlation between the cloze RT and cloze probability.

(a) Cloze measures and strengths (b) Cloze measures and activation levels

Figure 17: The relationship between the cloze RT-probability correlation and (a) the strengths and
(b) the activation levels. The cloze measures are on the axes, and the strengths and the activation
levels are shown by the colors of the dots.

Thus, the cloze RT seems to more closely correlate with the strength of the lexical candi-

date, while the cloze probability seems to be a better reflection of the activation levels. Lateral

inhibition seems to contribute to the correlation between the cloze probability and the acti-

vation level. An individual race typically has one highly activated candidate and other very

weakly activated candidates. This is because the highly activated candidate strongly inhibits

the competitors and the inhibited candidates cannot inhibit their competitors strongly due
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to their weak activation. Therefore, as time proceeds, a candidate that happened to accumu-

late a lot of activation at earlier times accumulates more and more activation and inhibits its

competitors, whereas weakly activated candidates cannot accumulate much activation due to

the inhibition from their competitors. Then the amount of activation averaged across differ-

ent races is mainly determined by how often the candidate was the strongly activated one. In

fact, the correlation between the cloze probability and the activation level becomes stronger

at 800ms after the race onset compared to 400ms after the onset, presumably reflecting the

stronger effects of lateral inhibition with more time.

On the other hand, the cloze RTs are less affected by lateral inhibition and they more

transparently reflect the strength. This is because the cloze RTs are only measured when the

lexical candidates win a race. In such cases, the winning lexical candidates receive relatively

small amounts of inhibition from their competitors because the competitors are less activated

than the winner. Hence the rates of activation are closely tied with the RTs, which are the

times for each lexical candidate to win a race. Weak candidates are still more susceptible to

inhibition than strong candidates, which can be seen in the weaker correlation between the

strength and the cloze RT on the left side of the top left figure of Figure 16.

Thus, the examination of the simulated data shows that cloze RT is more sensitive to the

strength of the lexical candidate, while cloze probability is more sensitive to the activation

level and that these relationships are highly affected by lateral inhibition.

2.5.2 Context-level measures: Availability vs Dominance

In this subsection, I turn to properties of contexts and context-level measures. Contextual

constraints are commonly used to characterize contexts. Contextual constraints refer to how
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constraining the predictions generated given the context are, and high-constraint contexts

have one very strongly predicted candidate. Contextual constraint is often operationalized

using the highest cloze probability among the candidates, also known as the modal cloze prob-

ability, but sometimes Shannon’s entropy of the cloze responses is used instead. Contextual

constraints have been utilized for studies of how predictions are generated (e.g. Kutas &

Hillyard, 1984; Federmeier & Kutas, 1999; Federmeier, 2007) or how failed predictions affect

language processing (Van Petten & Luka, 2012).

Prior studies have often referred to two distinct notions with the same term of contextual

constraint. One notion corresponds to the availability of candidates, or whether there is one or

more strong candidates that typically accumulate activation quickly. The other corresponds

to the dominance of one candidate, or how dominant the best candidate is compared to

other competitors. These two notions have been conflated probably because prior studies

have often assumed that subjective probabilistic distributions are directly represented in the

human mind and are transparently reflected in lexical prediction measures. This has been

a particularly common view for the cloze task, where researchers have often (implicitly)

assumed that cloze responses are samples from the subjective probabilistic distributions of

lexical candidates, and hence that cloze probabilities are relatively transparent reflections

of those distributions. Under this view, a highly likely candidate has to be a dominant

candidate as well. For example, if one candidate is 90% likely in the subjective probabilistic

distributions, the other candidates must be less than 10% likely.

However, as discussed earlier in this chapter, this view is not supported for the (speeded)

cloze task regarding the cloze RT data. Staub et al. (2015) showed that the sampling view

cannot explain the two qualitative patterns of the human speeded cloze data: the negative
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correlation between cloze RTs and cloze probabilities, and the shorter cloze RTs for candidates

with faster competitors. Therefore, the subjective probabilistic distributions don’t seem to

be explicitly represented or to directly affect the race processes.

Unlike the sampling view, the two concepts of availability and dominance are not identical

in the Race model, which is more consistent with the empirical data than the sampling view.

Figure 18 shows hypothetical strengths of sets of lexical candidates, and each set is generated

by a single context. In the bottom left panel of the figure, there are multiple candidates that

have high rates of activation, which means that they are highly predicted. However, there is

no dominant candidate because all of the candidates are highly likely. On the other hand, in

the top right figure, there is a dominant candidate but there is no highly predicted candidate.

Thus, it is important to make the distinction between the availability and the dominance

when we refer to contextual constraints. Furthermore, prior studies have used the modal

cloze probability as a measure of contextual constraints, but it was not clear whether it

reflects the availability or the dominance.

I examined the relationship between the availability and the dominance of the lexical

candidates and the context-level cloze measures. I used the highest value of µ (strength)

among the set of lexical candidates to represent the availability (e.g. the left panels of Figure

18). I will henceforth refer to this as the maximum strength. If the context has one or more

strong candidates, it has a large maximum strength, but if there is no strong candidate, the

maximum strength should be small. On the other hand, the dominance was represented by

the difference between the highest and the second-highest µ-value (e.g. the right panels of

Figure 18). I will refer to this as the strength difference. If the context has one outstanding

candidate, the context has a large strength difference. If the context does not have a single

59



Figure 18: Distinction between the availability of candidates and the dominance of a candidate

outstanding candidate, the strength difference should be small. I used the modal cloze

probability and the entropy of cloze responses as the context-level measures of availability or

dominance as were used in the prior studies. Additionally, I also used the average cloze RT

as a potential measure of availability, which is possible to obtain in the speeded cloze task

and is likely to be revealing about the availability or the dominance.

Figure 19 compares the modal cloze probabilities, the mean RTs, and the entropy with

the maximum strengths and the strength differences. Table 5 shows the Pearson correlation

coefficients of the same combinations of the measures and the underlying availability and

dominance. As the figures show, mean cloze RTs better represent the availability while the

modal cloze probabilities or the entropy better represent the dominance.

There are some correlations between the other combinations, the mean RT and the dom-

inance, or the modal cloze probability or entropy with the availability. This is because the

strengths were generated based on a normal distribution, where high values were rare, and
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Figure 19: Illustrations of the relationship between the maximum strength and the strength
difference of each context in the simulation (x-axes) and the simulated context-level cloze measures
(mean RT, modal cloze probability, and entropy) (y-axes). Each dot represents each context.

Maximum strength Strength difference
Mean cloze RT -0.92 -0.49
Modal cloze probability 0.63 0.85
Entropy -0.64 -0.75

Table 5: The Pearson correlation coefficients of each context-level measure and the properties of
sets of candidates.

61



hence sets of candidates with multiple high µ values were rare. This was done to follow

human data where the modal cloze probability and the mean cloze RT values show a corre-

lation. However, just like the previous subsection, these mostly arise from the correlations

between the different context-level cloze measures. Figure 20b plots the mean cloze RT and

the modal cloze probability on the axes, whereas the maximum strengths or the strength

differences are plotted with the colors. The maximum strengths change with the mean cloze

RTs but not with the modal cloze probability. On the other hand, the strength differences

change with the modal cloze probabilities but not with the mean cloze RTs.

(a) Context-level cloze measures and availability (b) Context-level cloze measures and dominance

Figure 20: The relationship between the correlation of context-level cloze measures (mean RT,
modal cloze probability, and entropy) and (a) the maximum strengths and (b) the strength differ-
ences. The cloze measures are on the axes, and the maximum strengths and the strength differences
are shown by the colors of the dots.

2.5.3 Discussion

The simulations showed that different cloze measures are more closely related to differ-

ent aspects of pre-activation. For the candidate-level measures, cloze RTs correlate with

the strength, while cloze probabilities correlate with the amount of accumulated activation.

For the context-level measures, mean cloze RTs reflect the availability of candidates, or the
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strength of the best candidate. On the other hand, modal cloze probabilities or entropy of

cloze responses better reflect the dominance of a candidate.

Cloze measures, especially the cloze probabilities and the modal cloze probabilities, have

been frequently used in prior literature, but the current study provides new insights about

what different cloze measures reflect and how they can be utilized. First, cloze RTs of a

lexical candidate can be used as a unique window into the strength of the lexical candidate.

Cloze RTs of a lexical candidate only reflect the cases where it was highly activated and won

a race. The candidate’s activation in those cases is less susceptible to inhibition from its

competitors than in the cases where they were not highly activated. Therefore, cloze RTs

better reflect the strength of the lexical candidate, which is difficult to measure using other

measures of pre-activation. The strength reflects the stable profiles of the lexical candidate

(i.e. how fast it is typically activated given the context) that is determined by contextual

information and stored knowledge in human language processing. Therefore, a measure of

strength is potentially informative in the investigation of how the rate of pre-activation of

each lexical candidate is determined by contextual information and stored knowledge.

Second, the current study highlights the distinction between availability and dominance.

They have often been referred to as contextual constraints without clear distinctions. This

might make researchers choose the inappropriate measure, such as using modal cloze prob-

abilities to measure the availability. Such inappropriate use of context-level cloze measures

have limited influence in some studies because the modal cloze probabilities and the mean

cloze RTs correlate with each other (Figure 21: Staub’s Experiment 2). However, there are

some new studies showing that the modal cloze probabilities and the mean cloze RTs do

not consistently show strong correlations across developmental stages. In Lee et al. (2023),
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we conducted a speeded cloze study with 4-12-year-old children and found that their modal

cloze probabilities and mean cloze RTs do not align with each other as closely as in adults’

data. This suggests that children’s knowledge or pre-activation mechanisms have different

features from adult’s knowledge or pre-activation mechanisms that allow contexts with high

dominance and low availability, or with low dominance with high availability.

Figure 21: The correlation between the modal cloze probability and the mean cloze RT in Staub
et al.’s Experiment 2.

In this chapter, I examined the Race model, the linking hypothesis of the speeded cloze

task proposed by Staub et al. (2015). Although it successfully explains some important

qualitative patterns in human speeded cloze data, I demonstrated that they make inaccu-

rate predictions about quantitative patterns in the same data. I showed that an additional

but reasonable assumption of lateral inhibition in the pre-activation processes can explain

the quantitative pattern, preserving the race processes. Building on the new insights re-

garding lateral inhibition and the updated model, I further examined how the strength of

lexical candidates and the activation levels of candidates are reflected in candidate-level cloze

measures (cloze RT and cloze probability), as well as how profiles of contexts (availability
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and dominance) are related to the context-level cloze measures (mean cloze RT, modal cloze

probability, and cloze entropy). This serves as a basis for the subsequent study address-

ing a mismatch between cloze probabilities and N400 amplitudes in argument role reversals

(Chapter 3), the study using context-wise variability of candidates’ strengths measured by

the speeded cloze task (Chapter 4), and an investigation of contrasts between stimulus sets

using the speeded cloze task (Chapter 6).
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3 Argument roles reversals in EEG vs Cloze

The previous chapter examined the linking hypothesis of the (speeded) cloze task. I ad-

dressed an issue for the original Race model proposed by Staub et al. (2015) by keeping the

linking hypothesis but assuming lateral inhibition in pre-activation. I further examined the

relationship between different cloze measures and the underlying pre-activation mechanisms

and showed that different cloze measures reflect pre-activation in different ways.

Under the Simple Activation Model, cloze measures should align with other measures of

pre-activation (Figure 22), because different pre-activation measures reflect the shared pre-

activation, and because there is a relatively transparent relationship between pre-activation

and the measures as introduced in Chapter 1. Specifically, the relationship between pre-

activation and cloze meausures were further examined in Chapter 2. Given these assumptions

and the study in Chapter 2, when there is a large contrast in cloze probabilities, other

measures should also show clear contrasts. In fact, such alignment of cloze measures and

other pre-activation measures has been found repeatedly (N400: e.g., Kutas & Hillyard,

1984; Federmeier, 2007; Wlotko & Federmeier, 2012; Nieuwland et al., 2020; eye-tracking

while reading: e.g., Ehrlich & Rayner, 1981; Staub, 2015; lexical decision task: e.g., Kleiman,

1980; read aloud task: e.g., Seidenberg et al., 1984). While these studies compared untimed

cloze probabilities with other pre-activation measures, the relationships are likely to hold

with the speeded cloze probabilities as well because untimed and speeded cloze probabilities

show extremely high correlation with each other (Staub et al., 2015).

However, there are some notable cases where the pre-activation measures may not align

with each other. One of them is argument role reversals, such as (9). Serve should be
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Figure 22: The Simple Activation Model of pre-activation, where the shared underlying pre-
activation .

predicted in (9a) but not in (9b) given the roles of the arguments waitress and customer.

Unsurprisingly, it has been robustly observed that untimed cloze probabilities show a clear

contrast between the two serve (e.g., Chow, Smith, et al., 2016). However, a number of

studies have shown that N400 amplitudes are matched for the two instances of serve despite

the apparent contrast in predictability (e.g., Kolk et al., 2003; Chow, Smith, et al., 2016),

with some converging evidence from other measures (anticipatory looks Kukona et al., 2011;

first fixation times: Burnsky, 2022). This has been taken to show that argument roles do not

affect pre-activation.

(9) a. The restaurant owner forgot which customer the waitress had served.

b. The restaurant owner forgot which waitress the customer had served.

Such cases of mismatch between pre-activation measures are useful in my attempt to

understand lexical pre-activation by updating the Simple Activation Model. First, it informs

us of what information can affect pre-activation generation in what way. Since the different
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measures tell different stories about whether argument roles can impact pre-activation, we

may be able to identify the roles of argument roles in the pre-activation mechanism by

reconciling the apparently conflicting findings. Second, the mismatch calls into question

the model’s assumptions about theories of measures and it provides clues to refining the

model. The mismatch between measures cannot be explained by the assumption of the

Simple Activation Model that different measures transparently reflect the same shared pre-

activation. Therefore, the linking hypotheses needs to be revised by identifying the sources

of mismatch between measures.

Some researchers have proposed that the discrepancy between pre-activation measures

arises from differences in timing (Chow et al., 2018). In most prior studies, online pre-

activation measures such as N400 amplitudes reflecting real-time language processing are not

sensitive to argument roles, while offline measures given ample time and processing resources,

such as the untimed cloze task, show sensitivity to argument roles. However, there is some

suggestive evidence from a speeded cloze study that the timing difference may not explain

the contrast between the different pre-activation measures (Chow et al., 2015). I build on

this preliminary evidence in the current chapter.

In this chapter, I directly compare a Japanese EEG experiment and a speeded cloze

study to examine the discrepancy between measures and the effect of timing manipulation2. I

reanalyze Japanese EEG data collected by Momma (2016) and run a speeded cloze experiment

to investigate the contributions of task and timing differences to argument role sensitivity in

pre-activation. Using maximally simple stimuli such as (10), the EEG study compared N400

amplitudes at different moments by controlling the timing of the presentation of the target
2This study was conducted as a collaboration with Colin Phillips and Shota Momma.
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verbs. The cloze study used the same set of stimuli and tested the contrast between the two

pre-activation measures by inducing responses within specific time windows that matched the

EEG study. I show that the difference between the cloze studies and N400 studies remains,

even after matching the timing profiles of experiments.

(10) a. Hati-ga
Bee-nom

sas-u.
sting-pres

‘A/the bee stings something.’

b. Hati-o
Bee-acc

sas-u.
sting-pres.

‘Somethings stings a/the bee.’

3.1 Prior studies on argument role reversals

Many EEG studies have suggested that predictions are insensitive to argument roles. Studies

in different languages reported that the N400 component of ERP, which is considered to

reflect the amount of pre-activation of the presented lexical item, is matched in amplitude

for continuations such as served in (9), despite the clear contrast in predictability (English:

Kuperberg et al., 2003; Kim & Osterhout, 2005; Chow, Smith, et al., 2016; Dutch: Kolk et

al., 2003; Hoeks et al., 2004; Mandarin: Chow et al., 2018; Liao et al., 2022; Japanese: Oishi

& Tsutomu, 2010; However, see Bornkessel-Schlesewsky et al., 2011 for exceptions). There

are also some consistent findings from eye-tracking studies (Visual world paradigm: Kukona

et al., 2011; eye-tracking while reading: Burnsky, 2022). Given the linking assumptions for

N400 amplitudes, the previous findings showing the absence of N400 contrasts between role-

appropriate and inappropriate continuations such as served in (9a) and (9b) have been taken

to show that people’s predictions about upcoming verbs are unconstrained by the argument

69



roles of items in the context. (e.g., Chow, Momma, et al., 2016; Kuperberg, 2016; Brouwer

et al., 2017).

It is important to note that there are other interpretations of the absence of N400 effects

in argument role reversals. Some researchers argue that it arises from heuristic semantic

integration that ignores argument roles, rather than from lexical prediction, assuming that

N400 amplitudes reflect the effort involved in integrating retrieved lexical representations into

utterance meaning representations (e.g., Kuperberg et al., 2003; van Herten, Kolk, & Chwilla,

2005) or the detection of semantic anomaly (e.g., Kim & Osterhout, 2005; Li & Ettinger,

2023). In this account, (9b) is interpreted as (9a) at least temporarily, and hence there is

no semantic anomaly. Therefore, the cost for integration of serve is matched for the two

sentences. It is unlikely that comprehenders retain such non-literal interpretations, because

participants accurately judge the argument role reversal sentences to be unacceptable in 80-

95% of trials in most of the EEG studies of argument role reversals cited above. Therefore,

it must be the case that any non-literal heuristic interpretations of argument role reversals

are transient and are overridden by literal interpretations eventually (e.g., van Herten et al.,

2005). I will address this alternative account in Section 3.5.

While many studies, as listed above, have repeatedly found insensitivity to argument role

reversals in N400 amplitudes, certain task manipulations seem to make lexical prediction

sensitive to argument roles. It is known that cloze probability is sensitive to argument roles,

and verbs have a higher cloze probability in the contexts where they are appropriate regarding

the roles (e.g. served in (9a)) than when they are inappropriate (e.g. served in (9b)) (e.g.,

Chow, Smith, et al., 2016).

However, the contrast between pre-activation measures might arise from differences in
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timing rather than from the tasks themselves. Because most cloze studies are untimed, re-

searchers have often assumed that cloze probabilities do not reflect online sentence processing,

but have rather taken them as reflecting the upper bound of people’s ability to use contex-

tual information, given a lot of time and cognitive resources. This led them to assume that

lexical pre-activation is differently sensitive to argument roles depending on the timing. In an

early stage, pre-activation is driven by a role-insensitive mechanism, which is reflected in the

N400 studies. On the other hand, in a later stage, pre-activation is driven by a role-sensitive

mechanism which is reflected in the offline cloze studies.

Consistent with this view, Chow et al. (2018) argued that people activate upcoming

verbs in a role-sensitive fashion if additional time is provided for prediction. They contrasted

Mandarin SOV sentence pairs such as (11) and (12) including argument role reversals (11b

and 12b). They found matched N400 amplitudes for the verb zhuale ‘arrest’ in (11a) and

(11b), consistent with other studies. However, they found a larger N400 for the same verb in

(12a) than in (12b) when prepositional phrases (PPs) were moved from the beginning of the

sentence to the position between the second argument and the verb. While there are some

concerns that (12) may sound somewhat unnatural to native Mandarin speakers, the study

suggests that insensitivity to argument roles may be conditioned on timing, and that the

role-sensitivity of prediction might change dynamically after the presentation of the context

arguments but before the presentation of the target verb. There is also a converging finding

from Liao et al. (2022).

(11) a. Zai
ZAI

shangxingqi
last.week

jingcha
cop

ba
BA

xiaotou
thief

zhua-le
arrest...

‘Last week the cop arrested the thief...’
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b. Zai
ZAI

shangxingqi
last.week

xiaotou
thief

ba
BA

jingcha
cop

zhua-le
arrest...

‘Last week the thief arrested the cop...’

(12) a. Jingcha
Cop

ba
BA

xiaotou
thief

zai
ZAI

shangxingqi
last.week

zhua-le
arrested...

‘Last week the cop arrested the thief...’

b. Xiaotou
Thief

ba
BA

jingcha
cop

zai
ZAI

shangxingqi
last.week

zhua-le
arrested...

‘Last week the thief arrested the cop...’

However, an unpublished cloze study by Chow et al. (2015) suggests that the online-

offline contrast might not explain the difference between the cloze task and online measures of

context-driven activation. They conducted a cloze task, but imposed deadlines for production

by asking participants to produce a continuation within certain time limits, in an attempt

to elicit role-inappropriate responses in the cloze task. Results showed that people are far

more likely to produce role-appropriate continuations than role-inappropriate continuations,

even in a cloze task under time pressure. This suggests that cloze data show sensitivity

to argument roles not because they are offline measures, and that people can show early

sensitivity to argument roles, in at least some experimental tasks. However, since they were

seeking evidence for the parallelism between the cloze and the EEG studies, they focused

more on the small number of role-inappropriate responses and did not pay much attention

to the relative scarcity of those role-inappropriate responses compared to role-appropriate

responses. Furthermore, we can only draw limited conclusions from this study because Chow

et al. did not closely match the language or timing with prior EEG studies that showed

timing effects (Chow et al., 2018).
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3.2 Current study

This study aims to address timing and task effects in argument role reversals. I reanalyzed

the data from a Japanese EEG study on argument role reversals in Momma (2016) that ma-

nipulated the timing of verb presentation with minimal changes otherwise. I also conducted

a speeded cloze study that was matched with the EEG study in terms of the stimuli and

timing to compare different measures at the same timing. The characteristics of Japanese al-

lowed us to create maximally simple stimuli such as (10), which were ideal for these purposes.

The sentences consisted of one context noun with a case marker and a target verb. Since

Japanese is a verb-final language that allows free dropping of arguments, both (10a) and

(10b) are grammatical. The role-appropriate (10a) and inappropriate (10b) differ only in the

case markers on the context nouns. Participants had relatively easy access to argument role

information because the explicitly marked cases strongly correlate with argument roles. The

agent role is typically assigned to arguments with the nominative case (nom), whereas those

with the accusative case (acc) usually receive the patient role. Of course, case markers and

argument roles are not perfectly correlated in Japanese. For example, passive subjects are

marked with the nominative case. But there is a strong probabilistic association in Japanese,

and there was a perfect correlation within the current study. Importantly, the simplicity

of the materials allowed Momma (2016)’s EEG study to manipulate timing by simply vary-

ing the interval between the context noun and the target verb, without changing any other

aspects of the stimuli. This makes a stronger case for the timing effects than Chow et al.

(2018), where the differences in the positions of the PPs could, in principle, have resulted in

slightly different predictions.
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In the EEG study, participants were presented with role-appropriate and inappropriate

stimuli such as (10). The stimulus onset asynchrony (SOA) between the context noun and

the target verb was 800ms in the short condition and 1200ms in the long condition (Figure

23). Momma compared the N400 contrasts between the target verbs as role-appropriate

continuations, such as sting in (10a), or as role-inappropriate continuations, such as sting in

(10b), with different delays following the context nouns.

In the cloze study, I presented participants with the same contexts as the EEG study,

but without the target verbs. Instead, participants were asked to produce a natural verb

to continue each context noun within certain time windows that matched the EEG study.

The time windows were before 1200ms following the context noun in the short condition and

between 1600ms and 2800ms in the long condition. Given that it is estimated to take about

350ms to initiate articulation after completing lexical access (Indefrey & Levelt, 2004), I

estimated that participants had up to 850ms for lexical activation in the short condition and

1250-2450ms in the long condition, which matches the EEG timing manipulation (Figure

23). This timing manipulation may not have perfectly matched the EEG and the cloze

studies, because the SOA in the EEG study might have underestimated the time available for

context-driven lexical activation. Specifically, participants might continue activating possible

upcoming verbs based on the contextual information even after the verb presentation until

the bottom-up processing of the verb is completed. However, this possibility has minimal

influence on the interpretation of the data because this additional time should make N400

amplitude more sensitive to argument roles due to the additional time, if there is any effect.

If I find that people are sensitive to argument roles in the cloze task but not in the EEG

experiment, as expected, the concern about timing alignment would be moot. Thus, the
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design allowed the comparison of people’s pre-activation at different moments in the same

EEG study, and at the same moment in different paradigms.

Figure 23: The timing manipulation in the EEG and speeded cloze studies. The SOA was 800ms
in the short condition and 1200ms in the long condition in the EEG study. In the cloze task, if a
continuation is produced 1200ms after the onset of the context (short condition) there should have
been 850ms available for activation. If a continuation was produced 1600ms following the context,
there should have been 1250ms for activation.

3.3 Experiment 3-1: EEG experiment

3.3.1 Methods

In this subsection, I describe how Momma (2016) collected the EEG data and how I analyzed

the data.

Participants

27 participants were recruited at Hiroshima University. I excluded three participants accord-
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ing to a data quality criterion described below, leaving 24 (12 males and 12 females; average

age = 21.2). All participants were right-handed, and were native speakers of Japanese with-

out any significant early exposure to other languages.

Materials

Momma (2016) created 160 plausible sentences with one case-marked context noun and one

target verb. 80 of them had the nominative (NOM) case marker -ga such as (13a) and the

other 80 had the accusative (ACC) case marker -o such as (14a). These sentences were

the plausible condition in the experiment. Then, he created the implausible condition by

switching the cases of those context nouns ((13b) and (14b)) in the plausible condition. All

the context nouns were animate, and all the target verbs were transitive verbs that can have

multiple arguments. He also manipulated the timing of the presentation of the target verb. In

the short condition, the target verb was presented 800ms after the onset of the context noun.

The interval was 1200ms in the long condition. These two manipulations resulted in four

conditions in total: plausible-short, plausible-long, implausible-short, and implausible-long.

The 160 experimental items in the four conditions were distributed across four lists using

a Latin-Square design so that the same participant saw each experimental item just once.

In addition to the experimental items, Momma also created 80 plausible and 80 implausible

filler sentences, which were also presented with an SOA of either 800ms or 1200ms.

(13) a. Hati-ga
Bee-nom

sas-u
sting-pres

‘A/the bee stings something.’

b. Hati-o
Bee-acc

sas-u
sting-pres
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‘Somethings stings a/the bee.’

(14) a. Hae-o
Fly-acc

tatak-u
swat-pres

‘Something swats a/the fly.’

b. Hae-ga
Fly-nom

tatak-u
swat-pres

‘A/the fly swats something.’

One item was incorrectly labeled in the stimuli. This resulted in some participants seeing

one more or fewer plausible items than implausible items. This is unlikely to have affected

the results because I relabeled these stimuli for the analyses, and it is unlikely that this small

shift in the ratio of plausible and implausible stimuli would result in observable effects.

Procedure

The 320 sentences were divided into four blocks divided by short breaks. Each sentence was

visually presented to participants word-by-word using PsychoPy (Peirce, 2007) while brain

activity was recorded via EEG. In each trial, a fixation cross was presented at the center of

the screen for 500ms, and a blank screen was presented for the next 400ms. The context

noun and the target verb were presented word-by-word separated by a blank screen. Each

word remained on the screen for 400ms. The interval of the blank screen was 400ms in the

short condition and 800ms in the long condition. Therefore, combined with the time the

context noun was on the screen, the SOA was 800ms in the short condition and 1200ms in

the long condition. Participants were asked about the plausibility of each sentence 1000ms

after the offset of the target verb. They provided answers by pressing keys.
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Eletcrophysiological recording

32 sintered Ag/AgCl passive electrodes were placed on participants’ scalps in an EEG record-

ing cap (Brain Products GmbH Easy Cap 40 Asian cut), according to the 10-20 system. One

of the 32 electrodes was placed below the right eye to monitor eye movements and blinking.

One electrode was used as ground, and another was used as a reference electrode and was

attached to the nose. Impedances were kept below 5kOhms for all scalp electrode sites. The

EEG was sampled at 250 Hz.

Data analysis

The recorded EEG signals were preprocessed and averaged ERPs were obtained using EEGLAB

(Delorme & Makeig, 2004) and ERPLAB (Lopez-Calderon & Luck, 2014) following (Luck,

2021)’s pipeline. The EEG signal was bandpass-filtered between 0.1 and 30Hz. Eye blinks

and movements were removed by independent component analysis (ICA). Non-responding

channels were excluded from this artifact correction procedure and were interpolated from

neighboring channels using spherical splines after the correction. Then the EEG was seg-

mented into 1000ms intervals, starting 200ms before the target verb onset and ending 800ms

after the verb onset. A baseline correction was applied to the 200ms epoch prior to the tar-

get verb onset. Trials with EEG above 150 µV or below -150 µV were marked for rejection.

Additionally, artifacts were detected and rejected using the moving window peak-to-peak

algorithm with a window size of 200ms, a window step of 100ms, and a threshold of 125

µV. Three participants who had a 20% or greater rejection rate were excluded from further

analyses. The rejection rate among the remaining participants was 1.1% on average.

I first independently compared the plausible and implausible conditions for each SOA
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(short vs long). The EEG data was analyzed with nonparametric cluster-based permutation

tests using the FieldTrip toolbox (Oostenveld, Fries, Maris, & Schoffelen, 2011). I obtained

individual participant averages at each electrode for each time point from 300 to 800ms

after the onset of the target verb, and computed t-values for each electrode and time. I then

selected spatially and temporally adjacent samples based on the t-values to form clusters (α =

0.05). The summed t-values within each cluster were used as the cluster-level test statistic.

Then I randomly permuted the condition labels 1000 times and obtained the maximum of the

cluster-level test statistics for each iteration. The test statistics of the data were compared

against this randomly-generated distribution, and the p-value of each cluster is the proportion

of the generated test statistics greater than that of the cluster. I used the α-level of 0.025 for

two-tailed tests. I examined if there was a statistically significant negative cluster in the 350-

450ms time window, which is commonly used for N400 analyses. In addition to the analyses

within each SOA, I also analyzed the interaction between plausibility and SOA by comparing

the difference between the plausible and implausible conditions for each SOA and performing

the same analysis as above (i.e., the difference between implausible-long and plausible-long

compared against the difference between implausible-short and implausible-short).

3.3.2 Results

Behavioral data

The overall accuracy of the plausibility judgment task was 93.4%, including both experi-

mental and filler items. More specifically, the accuracy was 96.4% for the plausible-short

condition, 90.5% for the implausible-short condition, 96.8% for the plausible-long condition,

and 89.8% for the implausible-long condition (all averages including filler items). A bino-
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mial generalized mixed-effects model with maximal random effects structures that converged

revealed a significant effect of plausibility (β = 1.3417, p < .001), presumably reflecting a

response bias towards plausible judgments. On the other hand, there was no statistically

significant effect of SOA or interaction between plausibility and SOA.

EEG data

Filler items

60 trials were excluded from the analyses because they were erroneously shown to partici-

pants multiple times. This left 3783 filler trials to be analyzed. Figure 24 shows the ERPs

of the filler stimuli. As illustrated by the figures, classic N400 effects were observed in the

comparison between the plausible and implausible conditions, both for the short and long

conditions. Figure 25 shows topographic maps of ERPs at 300-750ms after the target verb

onset, where each map is based on the average of a 50ms window. Significant clusters are

indicated with stars. As illustrated in the figure, cluster-based permutation tests found sig-

nificant negative clusters in the N400 time window (350-450ms) both in the short condition

(p = .010) and the long condition (p < .001). That is, the implausible conditions were more

negative than the plausible conditions in this cluster. A positive cluster was unexpectedly

found in the late time window (570-800ms) in the short condition (p = .016). No positive or

negative clusters were found for the interaction analysis.

Experimental items

Figure 26 shows the ERP waveforms for the experimental items. As Figure 27 illustrates,

there was no statistically significant positive or negative cluster found in the short condition.
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(a) Short condition (Filler)

(b) Long condition (Filler)

Figure 24: ERPs of (a) the short condition and (b) the long condition of the filler items. Negative
voltages are plotted upwards and positive voltages are plotted downwards. This is the same for
other ERP plots in this chapter.
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Figure 25: Topographic maps of ERPs of the filler items. The short condition was subtracted
from the long condition for the interaction. Stars (*) indicate members of significant clusters. Blue
indicates negative voltages and yellow indicates positive voltages. This format is consistent in other
topographic plots of ERPs in this chapter.

On the other hand, there was a significant negative cluster in the N400 time window in the

long condition (p = .007). Additionally, there was a significant negative cluster in the N400

time window in the interaction analysis (p = .013). These show that the long-implausible

condition showed more negativity than the long-plausible condition in the N400 time window,

but there was no evidence for such a contrast in the short conditions.

3.3.3 Discussion for the EEG experiment

The EEG study showed an N400 contrast between the plausible-long condition and the

implausible-short condition, but not between the plausible-short condition and the implausible-

short condition. The lack of an N400 effect in the short conditions is consistent with many

previous EEG studies (e.g., Kuperberg et al., 2003; Kim & Osterhout, 2005; Chow, Smith, et

al., 2016). The presence of an N400 effect in the long condition replicates Chow et al. (2018).

Thus N400 amplitude at the verb is insensitive to argument roles in the context when the

interval between the context and the target verb is short, but it shows sensitivity with an

additional 400ms before verb presentation. Note that this additional time (400ms) is much

shorter than the additional time added by moving a prepositional phrase (1200ms) in Chow
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et al. (2018) and Liao et al. (2022).

(a) Short condition (Filler)

(b) Long condition (Filler)

Figure 26: ERPs of (a) the short condition and (b) the long condition of the filler items.
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Figure 27: Topographic maps of ERPs of the experimental items. Stars (*) indicate members of
significant clusters.

Nominative-plausible and accusative-plausible items

Reversal anomalies with nominative context nouns might, in principle, be able to be repaired

by passives or causatives. For example (15b) is an argument role reversal sentence, but (15c)

is a plausible sentence, where the nominative noun is the patient. Therefore the lack of

N400 effects in the short condition might be mainly caused by sentence pairs such as (15a)

and (15b), where the same verb could be used in a plausible sentence. On the other hand,

it is impossible to turn the argument role reversal sentence (16b) into a plausible sentence

through suffixation.

(15) a. Hae-o
Fly-acc

tatak-u
swat-pres

‘Something swats a/the fly.’

b. Hae-ga
Fly-nom

tatak-u
swat-pres

‘A/the fly swats something.’

c. Hae-ga
Fly-nom

tatak-arer-u
swat-passive-pres

‘A/the fly is swatted by something.’

(16) a. Hati-ga
Bee-nom

sas-u
sting-pres

84



‘A/the bee stings something.’

b. Hati-o
Bee-acc

sas-u
sting-pres

‘Somethings stings a/the bee.’

In order to address this concern, I also conducted the same analyses as above but sepa-

rately for accusative-plausible stimuli such as (15) and nominative-plausible stimuli such as

(16). There were no statistically significant positive or negative clusters for any analyses,

presumably due to the reduced data points, but there was a visually similar pattern in this

partial data analysis (Figure 28). I take this to be consistent with the idea that the absence

of an N400 effect in the short condition and its presence in the long condition is not caused

specifically by one of the two types of stimuli. This suggests that the possibility of sentences

such as (15c) did not contribute significantly to the results.

3.4 Experiment 3-2: Speeded cloze experiment

3.4.1 Methods

Participants

80 native Japanese speakers were recruited online on the crowdsourcing platform Crowd-

Works. Participants received monetary compensation. Seven participants’ data were not

analyzed due to missing or unclear recordings, or not performing the task. Additionally,

19 participants were excluded from the data due to unsatisfactory performance as described

in the Exclusion section. This left 54 participants for analysis. (39 females and 14 males,

1 did not provide gender information; average age = 41.1, 2 did not provide age information.)
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(a) Accusative-plausible stimuli

(b) Nominative-plausible stimuli

Figure 28: Topographic maps of ERPs of the (a) accusative-plausible and (b) nominative-
plausible stimuli. There were no significant clusters in either analysis, but the visual pattern in the
nominative-plausible stimuli was similar to the accusative-plausible stimuli.

Materials

We used 159 case-marked context nouns from the 160 experimental item pairs in the EEG

experiment. Unlike the EEG experiment, each context noun did not appear with a target

verb, and participants instead provided a verb that was a natural continuation of the pre-

sented context. The nouns were presented with either nominative or accusative case. One

stimulus was replaced with another item because the same context noun appeared twice in

the EEG experiment. This context noun caused minimal problems for the EEG experiment

because it appeared with two different verbs, but these two experimental items would have

been identical in the cloze task where verbs are not presented. No fillers were used for this

experiment because we did not directly present reversal anomalies in the cloze task and

therefore there was minimal risk for participants to realize the aim of the experiment. Par-
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ticipants were asked to start articulating a continuation before 1200ms after the presentation

of the context noun in the short condition and between 1600 to 2800ms following the context

noun in the long condition. Therefore the same item appeared in four different conditions

(nominative-short, nominative-long, accusative-short, and accusative-long). The 160 stimuli

in the four conditions were distributed across four lists and assigned to participants using

the Latin-square method.

Procedure

The experiment was conducted via the online experiment platform PCIbex (Zehr & Schwarz,

2018). The experiment consisted of two blocks. The long-condition trials were presented

in the first block and the short-condition trials were presented in the second block. I sepa-

rated the long-condition trials and the short-condition trials in different blocks, rather than

randomly interleaving them because it was unlikely that participants could adjust to pro-

duction deadlines randomly changing from one trial to the next. The long-condition block

always preceded the short-condition block because piloting showed that the short condition

was very challenging for most participants and it was easier for them to be familiarized with

the speeded cloze task through the long condition, in order to be able to meet the strict

production deadline in the short condition.

The fixed order of the blocks might raise the concern that practicing through the long

block might make participants better at using argument roles in the short condition. Then, if

the speeded cloze task shows role-sensitivity in the short condition although the EEG study

did not, this could have been caused by the practicing in the long condition. I will later

demonstrate that this is unlikely because there is no effect of practicing within each block.
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In each trial, a fixation cross was presented in the center of the screen for 800ms, and then

it was replaced with a context noun with a case marker. Participants were asked to produce

a natural verb as a continuation to the presented context noun within the response time

window. The response time windows were indicated in different ways in the two conditions,

so that we could obtain responses in specific intervals. In the short condition, context nouns

were presented for 1200ms and participants were asked to provide responses while the stimuli

were being presented. In the long condition, context nouns were presented in a black font

color for 1600ms, then they turned red and remained on the screen for the next 1200ms, and

then disappeared. Participants were asked to produce responses while the font color was red,

so that they do not produce responses before the response time window of the long condition.

Their responses were recorded by PCIbex and were automatically sent to our server for data

collection.

Data Processing

The recordings were manually transcribed and coded for onsets by the author using Praat

(Boersma & Weenink, 2023), through both listening to the audio and visually inspecting the

spectrograms. The coder had access to the context nouns but without case markers, in order

to avoid bias in coding. After this process, each response was coded for role-appropriateness.

Each pair of a context noun without case markers and a produced verb was classified into one

of the three categories by the same author: (1) clearly more plausible with the nominative

case (e.g., bee and sting) (2) clearly more plausible with the accusative case (e.g., fly and

swat), or (3) no clear contrast between different cases (e.g., cop and see). The coder did not

have access to the case marker on the context noun in order to avoid biasing. Subsequently,
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each response was automatically coded according to the three categories. Responses pro-

duced with the preferred case were coded as role-specific and appropriate, which I henceforth

refer to as role-specific. Other responses produced with the dispreferred case were coded as

role-inappropriate, and the rest were coded as neutral.

Exclusion

First, I identified participants who failed to follow the instructions by inspecting their per-

formance in the same 40 experimental items. I excluded participants who produced short

condition responses in the long condition time window or vice versa in more than 50% of

trials. Because participants can, in principle, complete the experiment by producing the

same verb in different trials regardless of the context, they were explicitly instructed to avoid

producing the same verb in many trials. In order to detect participants who did not fol-

low this instruction, I counted the number of each verb produced by each participant. I

excluded participants who produced the same three verbs in more than 50% of the trials. 19

participants were excluded by these two criteria, which left 54 participants.

Next, we excluded trials where non-words, non-verbs, or unrelated words were produced,

or no responses were recorded at all. We also excluded trials where participants produced

responses in the wrong time window (e.g. producing short condition responses in the 1600-

2800ms long condition time window). We included short-condition responses that were pro-

duced before the beginning of the long condition time window, because many participants

struggled to meet the deadline of the short condition. However, the short condition responses

were on average still produced in the expected time window, and the results did not differ if

we focus on the responses produced before the 1200ms deadline. (See below for more details.)
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These exclusion processes left 6612 responses, which corresponds to 76.5% of all responses

from the 54 participants.

3.4.2 Results

Reaction tiems

Reaction times are summarized in Table 6. We confirmed that short condition responses

including those produced after the deadline (1200ms) but before the long condition time

window (1600ms) were on average comparable in timing to the short condition of our EEG

study. Since it is estimated that it takes about 350ms to start articulating verbs after

completing lexical processing, on average the responses reflect activation up to 830ms after

the presentation of the context noun. This is comparable to the short condition of our EEG

experiment where participants had an 800ms interval between the onset of the context noun

presentation and the target verb presentation.

Condition Average RTs Standard deviations
Long 2358.07 199.61
Short 1174.81 210.46
Short < 1200ms 1019.67 124.30

Table 6: Average cloze reaction times (speech onset times) in milliseconds in the short condition
and the long condition in ms.

Response categories

The proportions of responses in each category are summarized in Table 7. This excludes

syntactically irreversible responses, such as intransitive verbs (28.9% of all the responses).

We also excluded passives and causatives, because these types of responses require atypical

case markings (2.3% of all the responses). As indicated in the table, more than two thirds

of the responses had a clear bias for the roles of the context nouns and they were produced
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following the more appropriate case marker (e.g., Bee-nom sting-pres). Combined with

the neutral responses, plausible responses accounted for 94% of the responses, and role-

inappropriate responses accounted for only 6% of the responses. Importantly, this pattern

was consistent across the short and the long condition, as well as for the short condition

responses that met the 1200ms deadline. We conducted Pearson’s chi-squared tests for both

the long and the short conditions, excluding the neutral responses. The tests showed that

the frequency of role-specific and inappropriate responses was different in both conditions

(p < .001).

Condition Specific Neutral Inappropriate
Long 74.1% 22.2% 3.6%
Short 67.0% 27.0% 6.0%
Short < 1200ms 70.8% 24.0% 5.2%

Table 7: Proportion of role-specific, neutral, and role-inappropriate responses in the cloze task.
N = 2359, 2195, 1240 for each row.

Table 8 shows the proportions of the role-inappropriate responses divided into the first

half and the second half of each block. The differences between the first and second halves

were much smaller than the differences between categories in Table 7. This suggests that

people did not become significantly better at using argument roles in the short block because

it was preceded by the long block.

Condition First half Second half
Long 3.8% 3.5%
Short 6.3% 5.8%

Table 8: Proportion of role-inappropriate responses in the cloze task, for the first and second
halves within each block.

I also computed cloze probabilities for the specific target verbs used in the EEG study

with different case markers. This analysis included syntactically irreversible responses, in
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order to compute the cloze probabilities. As shown in Table 9, the target verbs were mostly

produced in the appropriate context, and they were very rarely produced as reversals. A

binomial generalized mixed-effects model revealed a significant effect of appropriateness (β =

4.53, p < .001). The same statistical model also revealed a significant interaction between

SOA and appropriateness (β = 1.89, p < .001), showing that the difference between the

target verb production in the appropriate and the inappropriate contexts was greater in the

long condition.

Condition Appropriate Inappropriate
Long 19.0% 0.6%
Short 13.2% 1.7%
Short < 1200ms 15.6% 1.8%

Table 9: Cloze probability of the target verbs used in the EEG study. The left column shows the
average cloze probability in the contexts where the target verbs are role-appropriate continuations,
while the right column shows the average cloze probability in the contexts where the target verbs
are role-inappropriate continuations. N = 3430, 3182, 1772 for each row.

3.4.3 Discussion for the cloze experiment

The cloze study showed that role-inappropriate responses are very rare in both the short

condition and the long condition. The pattern did not differ between the analyses including

or excluding the short-condition responses produced in the 1200-1600ms time window after

the context presentation, which fell in between the two target response intervals. This shows

that argument roles influence the cloze responses, even in a time window where N400 effects

were not observed for the same stimuli.

It is important to note that 22.1% of the short condition trials had no responses or

responses produced later than 1600ms, and they were excluded from the analyses above.

While this is a relatively large proportion, it is not sufficient to explain the large gap between
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role-appropriate responses and inappropriate responses.

3.5 Interim Summary

The analysis of the EEG data collected by Momma (2016) replicated the well-known absence

of N400 effects in the short condition. Even though sting should be expected after bee-

nom but not after bee-acc, there was no evidence for an N400 contrast at the verb. More

importantly, N400 contrasts were found for the same pairs of stimuli in the long condition.

This not only replicates Chow et al. (2018)’s findings but also extends them. This is because

the stimuli were maximally simple in the experiment and the only difference between the short

and the long condition is the additional 400ms added to the interval between the context

noun and the target verb. This is stronger evidence that the absence of N400 effects in

argument role reversals is specific to an earlier stage of processing, prior to the presentation

of the target verb, and hence that N400 effects change dynamically as a function of time

after the presentation of the context, but before the presentation of the target verb.

Previous EEG studies of argument role reversals have reported a late positivity for the

reversed sentences compared to the canonical sentences (P600 effects). This was also the

case for Chow et al. (2018), where they observed P600 effects both in the short and the

long conditions. This has been considered to reflect the effort of semantic integration of the

lexical item (e.g., Brouwer et al., 2017) or syntactic reanalysis (e.g., van Herten et al., 2005).

Interestingly, significant P600 effects were not found in the current EEG data analysis either

in the short condition or the long condition. Although I do not have a clear account for the

absence of P600 effects in the EEG study, I suspect that this was due to the simplicity of

Momma’s stimuli, which might have resulted in relatively small integrative cost or revision
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effort. There was little reason for participants in the current study to have any uncertainty

over whether they had correctly understood the context.

While it was confirmed that N400 amplitude can be insensitive to argument roles at

least in the short condition time window, in the speeded cloze task people produced role-

appropriate verbs in the vast majority of cases both in the short condition and the long

condition. There was also a large contrast in the cloze probability when we specifically an-

alyzed the target verbs used in the EEG experiment. Importantly, the timing of the short

condition was carefully matched between the cloze experiment and the EEG experiment.

People had 800ms to process the context and activate likely continuations in the EEG ex-

periment, while they took 830ms on average in the cloze experiment, considering the time

required for post-lexical processes such as motor planning (350ms; Indefrey & Levelt, 2004).

It was well known that people can give appropriate, role-sensitive completions in standard

untimed cloze tasks. These have been used as a source of norming data for many prior EEG

studies. What is novel in our findings is that the same role sensitivity is also found when

speakers have much less time to respond, even when it is the same amount of time as in the

EEG study. Thus the difference between N400 and cloze measures cannot be simply reduced

to the contrast between online and offline comparisons, as has often been assumed.

3.5.1 Accounting for the mismatch between measures

The mismatch between the EEG and cloze studies is surprising given the Simple Activation

Model, where the measures both reflect shared underlying pre-activation. This model was

motivated by the parallelism between the measures observed previously, and the linking

hypotheses for the different measures. It has been shown that the measures correlate with
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each other in most cases (Kutas & Hillyard, 1984; DeLong, Urbach, & Kutas, 2005; Nieuwland

et al., 2020). As discussed in the previous chapters, both N400 and cloze responses have been

widely considered to reflect pre-activation.

However the EEG and speeded cloze data in the current study tell different stories about

the influence of argument roles on lexical prediction. The absence of an N400 effect in

argument role reversals, as replicated in the short conditions of our Japanese EEG study,

has been taken to show that argument roles do not influence the pre-activation of upcoming

lexical items, at least not initially. On the other hand, participants frequently produced

role-appropriate responses and rarely produced role-inappropriate responses in the speeded

cloze task, even if the responses were elicited in a comparable time window as the short

condition of the EEG study. This suggests that argument roles impact the pre-activation

of lexical representations, resulting in greater pre-activation for role-appropriate verbs than

role-inappropriate verbs.

The puzzling mismatch between measures of pre-activation raises two questions: (i) Why

do we find contrasts between different measures of prediction, even though the timing and

the stimuli were carefully matched? (ii) Why do earlier and later presentations of contin-

uations result in the presence/absence of N400 effects? In this section, I first address the

possibility that people simply made different predictions in the cloze experiment and the EEG

experiment, and reject the possibility. Subsequently, I propose two hypotheses where people

pre-activate lexical candidates similarly across the tasks. However, one of them, the symmet-

ric pre-activation hypothesis, posits that pre-activation is matched for role-appropriate and

inappropriate candidates, whereas the asymmetric pre-activation hypothesis maintains that

role-appropriate candidates are pre-activated more strongly compared to role-inappropriate
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candidates.

Different predictions across tasks

It is in principle possible that the differences in the tasks made participants generate role-

sensitive predictions in the speeded cloze task but role-insensitive predictions in the EEG

study. One potentially important difference between the tasks is that participants are not

presented with argument role reversal sentences in the (speeded) cloze studies, while most

other paradigms involve the presentation of such sentences (EEG studies, eye-tracking stud-

ies, and the lexical decision and read-aloud studies in Chapter 5) 3. Such explicit presen-

tations of role-inappropriate candidates might have biased them to not rely on argument

roles in pre-activating lexical candidates, because predictions based on argument roles are

frequently disconfirmed by argument role reversals in these experiments. On the other hand,

the (speeded) cloze task is free of such disconfirmation of predictions because participants

are not presented with argument role reversals or any other types of anomalous sentences. In

fact, some prior studies have shown that participants can make different predictions depend-

ing on their models of the experimental environment (e.g., how often they see semantically

related lexical items: Lau, Holcomb, and Kuperberg (2013)).

We tested if the presentation of argument role reversals is the crucial factor accounting

for the discrepancy between different measures in (Lee, Nakamura, Muller, & Phillips, 2022),

where we interleaved speeded cloze trials with comprehension trials including anomalous

sentences. Importantly, the participants did not know which type of trials they are in until
3Visual world paradigm is complicated regarding the presentations of argument role reversal sentences in

that participants were not directly presented with those sentences, but they are presented with pictures of
role-inappropriate objects while they listen to the contexts.
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they are asked for a cloze response or a comprehension question in each trial. Even though

argument role reversal sentences were presented, people produced as few role-inappropriate

responses as in the speeded cloze tasks without explicit presentations of argument role rever-

sals. Therefore, the presentation of argument role reversal sentences is unlikely to explain

the greater role-sensitivity in the speeded cloze task compared with EEG studies.

Although the presentation of role-inappropriate candidates is not the only potential dif-

ference between the tasks, at this point, there does not seem to be a compelling account that

can explain why people would generate role-sensitive predictions in the cloze tasks but not

in the EEG studies.

Symmetric vs Asymmetric pre-activation

I propose two alternative hypotheses to account for the timing and task-based discrepancies

in lexical prediction regarding argument roles: the symmetric pre-activation hypothesis and

the asymmetric pre-activation hypothesis. The accounts share the notion that there are two

stages of processing: (i) pre-activation of lexical representations, and (ii) the post-lexical

combinatorial processes. The two hypotheses differ in which process is sensitive to argument

roles. The symmetric pre-activation hypothesis attributes the role-insensitivity to the pre-

activation of the verbs. Initially, role-inappropriate verbs are activated to a similar extent as

role-appropriate verbs given the contexts (hence symmetric). N400 reflects this process rela-

tively transparently, and shows no contrast between the role-appropriate and inappropriate

verbs at least initially. However, there is a mechanism that monitors the plausibility of the

utterance meaning representations where a pre-activated lexical candidate is incorporated

into. This monitoring process rules out the role-inappropriate candidates in the cloze tasks

97



or in EEG experiments with sufficient time. This is responsible for the N400 contrasts in

the long condition of the EEG study, and the role-sensitive productions in the speeded cloze

study regardless of the timing.

On the other hand, pre-activation is sensitive to argument roles in the asymmetric

pre-activation hypothesis and role-appropriate candidates are pre-activated more than role-

inappropriate candidates (hence asymmetric). The utterance meaning representations are

responsible for role-insensitivity, as some EEG studies on argument role reversals have ar-

gued (e.g., Kolk et al., 2003; Kim & Osterhout, 2005; Rabovsky et al., 2018). Under this

account, pre-activation is sensitive to argument roles, and there is a large contrast between

the pre-activation of role-appropriate and inappropriate verbs. The cloze task reflects this

and hence responses are predominantly role-appropriate. However, once a role-inappropriate

verb is presented and is retrieved (via bottom-up cues) in a comprehension task, it is as easy

to incorporate it into the combinatorial semantic representations as role-appropriate verbs,

and N400 amplitudes reflect such role-insensitive integration processes rather than lexical

access (van Herten et al., 2005; Rabovsky et al., 2018). Moreover, the role-inappropriate

verb might even trigger a heuristic interpretation ignoring the argument roles. For example,

people might interpret Bee-acc sting. as “A bee stings something.” instead of “Something

stings a bee.” because the heuristic interpretation is way more plausible and attractive than

the literal interpretation. The absence of N400 effects might reflect the lack of semantic

anomaly in those cases (Kim & Osterhout, 2005; Li & Ettinger, 2023). Thus pre-activation

is sensitive to argument roles in the asymmetric pre-activation hypothesis, but N400 ampli-

tudes reflect role-insensitive combinatorial processes rather than pre-activation. Under this

account, these combinatorial processes would need to become role-sensitive given additional
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time.

Although the current EEG and speeded cloze experiments themselves do not provide

strong evidence for or against either hypothesis, the contrast between the short and the long

conditions in our EEG study is more straightforwardly consistent with the symmetric pre-

activation hypothesis than the asymmetric pre-activation hypothesis. The Japanese EEG

experiment controlled the time before the presentation of the target verb. Therefore, the

N400 effects found in the long condition must be attributed to the processes that unfold

before the presentation of the target verb rather than after it. While the symmetric pre-

activation hypothesis attributes the N400 effects to the pre-activation accumulated before

the presentation of the target verb, the asymmetric pre-activation hypothesis attributes them

to the combinatorial processes following the presentation of the target verbs. Therefore, the

timing contrast can be more straightforwardly explained by the symmetric pre-activation

hypothesis.

Furthermore, the symmetric pre-activation hypothesis is more consistent with studies

using other measures of pre-activation than the asymmetric pre-activation hypothesis. Con-

sistent with argument role reversal literature in EEG, a few studies have reported that eye-

tracking measures of pre-activation do not show sensitivity to argument roles, at least tem-

porarily. Kukona et al. (2011) used a visual world paradigm (VWP) and presented a set of

pictures including a picture of a role-appropriate candidate (e.g. thief) and a picture of a role-

inappropriate candidate (e.g. cop) to participants as they listened to sentences such as (17).

The participants looked at the picture of a cop as frequently as that of a thief before they

heard thief in the sentence. Given the linking hypothesis for anticipatory looks in VWP intro-

duced in Chapter 1, this suggests that the role-appropriate thief and the role-inappropriate
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cop were equally pre-activated. Burnsky (2022) also found role-insensitivity in argument role

reversals in eye movements while reading. Burnsky presented participants with sentences such

as (18), and he did not find any difference between (18a) and (18b) in skipping rates and the

first fixation times of saved. Since skipping rates and first fixation times are considered to

reflect pre-activation, and since Burnsky found a difference between saved in go-past time,

which is thought to reflect processes later than lexical access, this finding suggests that saved

is pre-activated similarly in (18a) and (18b). These findings show patterns similar to N400

amplitudes and are consistent with the symmetric pre-activation hypothesis, if they indeed

reveal lexical pre-activation. On the other hand, they are not straightforwardly consistent

with the asymmetric pre-activation hypothesis, where pre-activation is sensitive to argument

roles. The asymmetric pre-activation hypothesis has to explain the role-insensitivity of the

eye-tracking measures despite the role-sensitive pre-activation, for example by revising the

linking hypotheses.

(17) Toby arrested the thief.

(18) a. The parent saw which child the lifeguard had saved in the pool on Saturday.

b. The parent saw which lifeguard the child had saved in the pool on Saturday.

However, these findings from other measures may not be critical evidence against the

asymmetric pre-activation hypothesis. First, while Kukona et al.’s study shows similar pat-

terns to EEG studies on argument role reversals, the stimuli are different from those EEG

studies or the current EEG and speeded cloze studies. Crucially, the target items in Kukona

et al. are arguments, and the verbs are provided in the context, unlike the prior EEG studies.

Although the exact contribution of verbs in the contexts is yet to be known, participants
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could have generated different predictions in Kukona et al.’s study compared to the EEG

studies. Second, there are some unexpected patterns found in Burnsky’s eye-tracking study.

Most EEG studies including the current study involve plausibility judgment immediately

after the presentation of the stimuli. Typically, participants judge argument role reversal

sentences to be implausible in about 80-95% of trials in these tasks (Kuperberg et al., 2003;

Kolk et al., 2003; Hoeks et al., 2004; Kim & Osterhout, 2005; Chow et al., 2018; Liao et al.,

2022). However, in Burnsky’s study, about half of the argument role reversal sentences such

as (18b) were judged to be plausible. This might suggest that participants did not compre-

hend the stimuli as accurately as in the EEG studies. Given these potential issues and that

the literature on argument role reversals using these measures is much smaller than those in

EEG, it is not clear how much they are consistent with the EEG findings on argument role

reversals, and so these findings should be taken with caution.

In order to further sharpen the symmetric pre-activation hypothesis, I propose a com-

putational model for this hypothesis and demonstrate that it successfully predicts the data

pattern obtained in the two experiments. In this model, role-inappropriate candidates are ac-

tivated just as much as role-appropriate candidates by the context. Once a candidate reaches

a threshold, a monitoring mechanism that checks for appropriateness is triggered, and the

role-inappropriate candidates are then detected and are inhibited. This account reduces the

sensitivity to argument roles to the issue of how often role-incompatible candidates reach

the threshold within a specific time limit to trigger the monitoring mechanism and to be

successfully detected. Either additional time for activation or a lowered threshold to quickly

produce a continuation would allow role-inappropriate candidates to reach the threshold.

The monitoring mechanism is related to the monitoring process in language production.
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Levelt (1983) claimed that people monitor their own speech in speech production and repair

the utterance when an anomaly is detected. This repair can be done not only on overt

speech but also on internal speech that is planned but not yet articulated. The monitoring

mechanism in lexical prediction can be considered as one form of such covert monitoring of

speech in language production, where the plausibility of the planned utterance is checked.

3.6 Modeling

3.6.1 Model structures

I developed a computational model of pre-activation of lexical candidates, building on the

Race model (Staub et al., 2015). Given a context, lexical items are activated in parallel, and

the candidate lexical item whose pre-activation reaches a threshold first (i.e. the “winner”

of the race) is produced as the cloze response. Because there is some amount of random

variation in the activation, the most likely continuations are produced often but not all the

time.

I take the basic race model and generalize and extend it to account for our findings in

argument role reversals. I generalize the model to also account for the EEG studies with

comprehension tasks. In comprehension tasks, lexical items are activated by context in the

same way as in the cloze task, until a continuation is presented. N400 amplitudes are op-

erationalized as the distance between the threshold and the amount of activation when the

continuation is presented (Figure 29). More importantly, the model has a monitoring mech-

anism that inhibits the activation of inappropriate candidates that reached the threshold.

Therefore the threshold in this model is considered as a trigger for the monitoring process.
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Figure 29: An illustration of a simulation of the model. I simulated step-by-step accumulation
of activation, where the amount of activation in each step is determined by sampling from normal
distributions. Once a candidate reaches the threshold, a monitoring process is triggered and the
candidate is inhibited if it is inappropriate. N400 amplitudes are operationalized as the distance
between the threshold and the amount of activation at the point of presentation of the continuation.

The structure of this model is almost identical to the step-by-step simulations in Sec-

tion 2.5. In the model, each candidate’s activation is updated in each 25ms-cycle. The

amount of activation each candidate accumulates is randomly determined by sampling from

normal distributions. While the σ parameter (i.e. variability) of the normal distributions is

kept constant, each candidate has different values for the µ parameters (i.e. mean). More

likely candidates have greater values for the µ parameters, so that they are more likely to

accumulate activation in each step.

Once a candidate reaches the threshold, a monitoring process checks for its appropriate-

ness in the context. When the winner is role-inappropriate, its activation is reduced to 0.

In comprehension tasks, this process of activation and monitoring continues until a contin-

uation is externally presented. On the other hand, in a cloze task the process ceases once

a role-appropriate candidate reaches the threshold and passes the monitoring process. That

candidate is produced as the cloze response.
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In this model, the rare role-inappropriate responses in the speeded cloze task are consid-

ered as last resort cases, when no role-appropriate candidate reaches the threshold within the

available response time window. In such cases, if there is a role-inappropriate candidate that

has reached the threshold but is rejected through the monitoring process, the model may

produce the role-inappropriate candidate rather than not producing anything. The detailed

processes are described below and in Figure 30.4

While this model assumes identical activation processes for the speeded cloze task and

for EEG studies with comprehension tasks, the difference between the tasks is implemented

via the threshold for lexical activation. We propose that people set a lower threshold for

the speeded cloze task compared to the comprehension task in the EEG studies due to the

task demands of the speeded cloze task. Since participants are asked to provide a response

within a specific time window in the speeded cloze task, they would try to have a lexical

item that reaches the threshold before the end of the response time window. If they lower

the threshold, there is more chance that they have some lexical item to produce within the

response time window.

In our simulation, we focused on the contrast between the short condition of Momma

(2016)’s EEG study and (i) the long condition of the same study, and (ii) the short con-

dition of the speeded cloze study. This is because the absence of N400 effects in the short

condition is consistent with prior studies, and the other two findings diverge from the gen-

eral pattern and represent timing effects and task effects. We simulated 10000 races for

five pairs of role-appropriate and inappropriate candidates with the same mu parameters
4Alternatively, role-inappropriate responses might be produced when they reach the threshold but are not

detected by the monitoring mechanism. However, I will demonstrate in Section 4.3 that this view makes a
wrong prediction about role-inappropriate response latencies.
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(µ = 0.024, 0.0215, 0.019, 0.0165, 0.014) and the same sigma parameter (σ = 0.01). We set

different thresholds for the comprehension task (1) and the production task (0.8).

In the comprehension task, the model was presented with either the best role-appropriate

or inappropriate candidate (i.e. the one with the best µ parameters of 0.024) at 800 ms (i.e.

32nd cycle) or 1200 ms (i.e. 48th cycle) after the beginning of the race. The N400 amplitude

was modeled by subtracting the activation of the presented candidate from the threshold of

1 at either timing. In the production task, the model keeps track of the role-inappropriate

candidates that were rejected by the monitoring mechanism. If no role-appropriate candidate

reached the threshold by the deadline but there is a role-inappropriate candidate that was

rejected, the model produces the rejected candidate 25% of the time and does not produce

anything in the remainder of the cases (Figure 30). This ratio was chosen so that the model

does not provide responses in about the same proportion of trials as humans (c.f. there were

22.1% no-response or late-response trials in the short condition of the human cloze data).

The model’s response (or non-response) was recorded for each trial, and we computed the

proportion of role-appropriate and role-inappropriate responses. All other parameters were

determined to make the simulation match the human data in the current studies.

Figure 30: Illustration of the last resort production of role-inappropriate candidates.

The model expects that either additional time in the comprehension task or a low-
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ered threshold in the production task should result in more successful inhibition of role-

inappropriate candidates. As illustrated in Figure 31a, additional time for activation would

allow role-incompatible candidates to reach the threshold and be detected and inhibited by

the monitoring process. Similarly, Figure 31b shows that a lowered threshold in the pro-

duction task also allows more successful inhibition of role-inappropriate candidates given the

same amount of time.

(a) Timing (b) Threshold

Figure 31: Activation pattern of role-inappropriate candidates with (a) shorter vs longer time for
activation, and (b) higher vs lower threshold for evaluation.

In this version of the model, competing items accumulate activation independent of one

another, with no lateral inhibition between them, as also assumed by Staub et al. (2015).

This contrasts with evidence for lateral inhibition mechanisms in Chapter 2, as well as in

another speeded cloze study (Ness & Meltzer-Asscher, 2021b) and studies of lexical access

in comprehension and production (Dahan et al., 2001; Chen & Mirman, 2012). The current

model leaves aside this mechanism in the interest of simplicity of exposition. However, we also

conducted simulations that incorporated a lateral inhibition mechanism, yielding comparable

results (see Appendix 1).
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3.6.2 Simulation results

We report the model-simulated N400 effects and the proportion of role-appropriate responses.

Figure 32 shows the distance between the threshold and the activation of the presented

candidates, which is assumed to be reflected in N400 amplitudes. The contrast between role-

appropriate and inappropriate candidates was smaller for the short condition and greater for

the long condition, successfully capturing the N400 patterns in our EEG experiment.

Figure 32: Simulated N400 amplitudes with shorter (left) vs. longer (right) time for activation
(left).

In the production task, the responses generated by the model were overwhelmingly role-

appropriate (93.2%) and role-inappropriate responses were rare (6.8%). No responses were

produced in 17.5% of trials, which is comparable to the proportion in the human cloze data

(22.1%). Thus the model also successfully predicted the human data pattern in our cloze

task.
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3.7 General Discussion

In the current studies, I investigated a potential case where different pre-activation measures

do not align with each other. Many EEG studies have shown that N400 effects are absent in

argument role reversals (Kolk et al., 2003; Kuperberg et al., 2003; Hoeks et al., 2004; Kim

& Osterhout, 2005; Oishi & Tsutomu, 2010; Chow, Smith, et al., 2016; Chow et al., 2018;

Liao et al., 2022), which suggests that argument roles do not influence lexical pre-activation.

On the other hand, it is known that offline cloze probability is sensitive to argument roles

(Chow, Smith, et al., 2016; Chow et al., 2018; Liao et al., 2022) and potentially in the speeded

cloze task (Chow et al., 2015). Such a discrepancy between pre-activation measures could be

caused by the difference between the measures or the tasks or by the difference in online and

offline measures of prediction.

In order to identify the role of the task and timing manipulations, I reanalyzed an EEG

study of Momma (2016) that used maximally simple Japanese stimuli and ran a speeded cloze

experiment closely matched with it in terms of the time course. The experiments replicated

the widespread finding that role reversals fail to elicit an N400 effect, when the verb appears

shortly after the context argument(s). They also corroborated the finding that role reversals

elicit an N400 effect when there is additional time between the context argument(s) and the

verb. I also found clear evidence for role sensitivity, even without additional time, when

pre-activation was measured via a speeded cloze task. Thus there are two closely related

contrasts in argument role (in)sensitivity to be explained. One is about timing, and the

other is about measures.

We offered two hypotheses to account for these contrasts that highlight the distinction
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between the context-driven lexical activation and the integration of the lexical representa-

tions. One of them attributes the role-insensitivity to the lexical activation stage and the

other attributes it to the integration stage. Our computational modeling offers a proof of

concept demonstration for the former hypothesis where context-driven activation is initially

insensitive to argument roles, but role insensitivity arises when role-inappropriate candidates

reach a threshold, detected by an evaluation mechanism, and are successfully inhibited. This

is more likely to occur when additional time is available for activation to accumulate towards

a threshold in a comprehension task. It is also more likely when the threshold for evaluation

is lowered due to the task demands in a speeded cloze paradigm.

3.7.1 Relationship to existing work: Experiments

The current EEG study strengthens the evidence from Chow et al. (2018) that additional

time yields role sensitivity in EEG paradigms. An advantage of the simple Japanese sentences

used in our study is that they made it possible to implement a “pure” timing manipulation,

in which the short and long conditions differed only in the length of the time interval between

the context noun and the target verb.

The findings are inconsistent with some existing accounts of the lack of N400 effects in

role-reversal sentences. One approach attributes role insensitivity in the N400 component to

a failure to parse the context fast enough to identify the argument roles of the items in the

context. Our findings cast doubt upon this approach because we observed role-insensitivity

in N400s following exceedingly simple contexts, which speakers are unlikely to struggle to

parse. Furthermore, I found role sensitivity in responses to the same context, on the same

time scale, when the task involves a speeded cloze response. This suggests that argument
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roles must be identifiable by the time when N400 is elicited or cloze responses are planned.

Another family of approaches attributes the role insensitivity in the N400 component

to consideration of unsupported but highly attractive verb-argument pairings. A variant of

this approach, proposed by Kuperberg (2016), proposes that argument role information in

the context is selectively ignored in prediction processes, specifically in cases where ignoring

the role information more readily yields a continuation than taking the role information

into account. For example, just the set or a sequence of {waitress, customer} may provide

constraining predictions for the continuation, because it is very likely for a waitress to serve

a customer. On the other hand, the full set of cues {customer-agent, waitress-patient}

may result in less constraining prediction about the continuation because there may not

be very likely events involving customer-as-agent and waitress-as-patient. In that situation

people might rely more on the mere set or sequence of the arguments, excluding their roles,

because they result in more constraining predictions and hence are more reliable. This is

an unlikely account of the role insensitivity observed in the Japanese materials, where the

context consists of a single noun and a case marker. It seems unlikely that people can generate

more constraining predictions given the single arguments without roles such as bee, than the

combination of arguments and roles such as bee-as-agent.

3.7.2 Relationship to existing work: Modeling

Accounts of the absence of N400 effects

We highlighted two kinds of approaches to the contrasting profiles of role (in)sensitivity in our

studies. We used an implemented computational model to simulate one of these approaches,

in which initial activations are role insensitive, and where role sensitivity is the result of a
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serial evaluation process. Our simulation serves as a proof of concept demonstration of that

account, rather than as evidence that it is the preferable account. However, this simulation is

consistent with existing accounts that assume initial role-insensitive pre-activation of lexical

candidates.

Brouwer, Fitz, and Hoeks (2012); Brouwer et al. (2017) attribute insensitivity to lexical

activation caused by simple association and scenario-based world knowledge. That is, sting is

activated by bee-acc because (i) bee and sting are associated, and (ii) sting is likely to appear

in a scenario where bee is involved. The role-sensitive evaluation mechanism in our model

can be understood as an additional process that constrains this association-based activation.

A related but slightly different account by Chow, Momma, et al. (2016) attributes role-

insensitivity of N400 to event memory search. They suggest that lexical prediction requires

retrieval of likely events from the long-term memory, and that argument roles might not be

able to be used for retrieval of event memories. As one possible mechanism for this, they

suggest that thematic roles might be encoded in event-specific manners such as stinger or

stingee rather than abstract thematic roles such as agent or patient. With such memory

representations, people can only search their memory using the arguments without roles as

cues. They argue that events retrieved by such a role-insensitive memory search are rejected

in some indirect manners, which takes some additional time. Our model can be taken as an

extension of their suggestion that provides a concrete mechanism for this rejection process

and simultaneously accounts for the cloze data.

These accounts are similar in that they attribute the lack of N400 contrasts between

role-appropriate and inappropriate items to role-insensitive mechanisms of pre-activation.

Furthermore, Liao et al. (2022) argue that both simple association and event memory search
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contribute to the role-insensitive pre-activation but with different timing profiles.

The monitoring model and pre-updating

Our assumption of a serial evaluation process that leads role-inappropriate candidates to

be inhibited looks like a departure from other existing models, but we see a number of

precedents. Although accounts of prediction in language processing tend to focus on the

parallel activation of multiple promising candidates, this cannot be the whole story. There

must be additional steps that apply to specific individual candidates following the parallel

activation.

In production, Staub et al. (2015)’s race model assumes the notion of an activation

threshold, corresponding to the point at which a lexical candidate has accumulated sufficient

activation for it to be ready for phonological processing. In this approach, the first item

to reach the threshold is the one that gets articulated. The only addition in our account

here is the suggestion that reaching this threshold also triggers an evaluation (or monitoring)

process, which is a standard component of production models (e.g. Levelt, 1989).

In comprehension, too, simply pre-activating multiple lexical continuations cannot be

enough. There must eventually be a point at which an individual item is integrated into

the representation of the context. This could happen at the point when the actual incoming

word is presented. But there is also interesting evidence that this process sometimes occurs

before the presentation of continuations, in situations in which the comprehender has a

high degree of confidence in an individual predicted continuation. Such early integration

has been called pre-updating (e.g., Lau et al., 2013; Ness & Meltzer-Asscher, 2018, 2021a).

The prior studies have found P600 effects at words preceding highly predicted continuations,
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suggesting that the continuation is integrated before its presentation. Our model is consistent

with this literature, but instead of assuming that a lexical item is sent to the integrative

process immediately after reaching the threshold, the model has an additional mechanism that

evaluates the plausibility of the lexical item in the semantic representation of the sentence.

The parallelism of our model and pre-updating makes an empirical prediction that there

should be late positivity in the context noun of the plausible-long condition of the EEG

study compared to that of the plausible-short condition, because additional time would allow

role-appropriate candidates to reach the threshold and to be integrated into the sentential

semantic representations. However, our current dataset cannot assess this prediction because

if additional time allows more pre-updating, most of them should occur 800-1200ms after the

presentation of the context noun. We do not have EEG data for this time window for the

short condition, because participants had already been presented with the target verb by the

time. Therefore, examination of this empirical prediction is left for future studies.

There is in fact a recent finding that supports the existence of the common monitoring

mechanism in the speeded cloze tasks and the comprehension tasks in EEG studies. Lee

and Phillips (2023) observed N400 effects for argument role reversals in an EEG experiment

with comprehension tasks when speeded cloze trials were interleaved. Two points should be

highlighted about their experiment. First, participants did not know if they were in a cloze

trial or a comprehension trial until they were asked to provide a continuation or the sentence

ended. Second, they observed the N400 effects in the comprehension trials, where they used

the same stimuli as a prior EEG study on argument role reversals. This is consistent with the

monitoring hypothesis that attributes the differences between the cloze studies and the EEG

studies to the differences in the threshold. The interleaved cloze trials would generally lower
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the threshold for the monitoring process because they did not know which type of trials they

are in. Then role-inappropriate candidates in the comprehension trials, as well as the cloze

trials, would be detected and inhibited by the monitoring mechanism. Thus the monitoring

hypothesis seems to be supported by this study.

In the current study, we investigated potential misalignment of pre-activation measures

in argument role reversals. The closely-matched EEG and cloze studies replicated the N400

amplitudes’ insensitivity to argument roles in the short condition of the EEG study, but

also showed that people show sensitivity to argument roles (i) with additional time in the

same EEG study or (ii) at the same moment in a cloze paradigm. This raises a question

of why different measures of pre-activation or different timing result in different sensitivity

to argument roles. I proposed two hypotheses to account for the mismatch in pre-activation

measures that attribute role insensitivity to different processes of lexical and semantic pro-

cessing. In the symmetric pre-activation hypothesis, N400 amplitudes reflect the matched

pre-activation for role-appropriate and inappropriate candidates, while cloze responses are

mostly role-appropriate because role-inappropriate candidates are inhibited by a monitoring

mechanism. In the asymmetric pre-activation hypothesis, cloze responses reflect the greater

pre-activation for role-appropriate candidates, but later integrative processes are insensitive

argument roles, which is reflected in N400 amplitudes.

While the symmetric pre-activation hypothesis has some advantage over the asymmetric

pre-activation hypothesis, there is no conclusive evidence for either hypothesis at this point.

In the following chapters, I seek evidence to evaluate the two hypotheses. In Chapter 4, I will

show that role-inappropriate candidates are activated to some extent in the speeded cloze
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task. In Chapter 5, I will show through other pre-activation measures that role-inappropriate

candidates can be as pre-activated as role-appropriate candidates.
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4 Cloze RT analyses to evaluate the role-inappropriate

activation

In the previous chapter, the Japanese EEG and cloze studies showed that different pre-

activation measures do not align with each other in argument role reversals, even when the

time courses and stimuli are matched. In the EEG study, N400 amplitudes for the same

verbs as role-appropriate continuations and role-inappropriate continuations were matched

when the verbs were presented with a short delay after the presentation of the context.

Under widespread assumptions about the N400, this suggests that the role-appropriate and

inappropriate verbs are at least temporarily pre-activated to the same extent, despite the

apparent contrast in their predictability. On the other hand, in the speeded cloze task, role-

appropriate responses were much more frequent than role-inappropriate responses, suggesting

that they are differently activated. This was the case even when participants were urged to

produce cloze responses in the same time window as in the EEG study where N400 amplitudes

were matched for role-appropriate and inappropriate continuations. These findings in the two

pre-activation measures are consistent with the large prior literature in each measure (EEG:

Kolk et al., 2003; Kuperberg et al., 2003; Hoeks et al., 2004; Kim & Osterhout, 2005; Oishi

& Tsutomu, 2010; Chow, Smith, et al., 2016; Chow et al., 2018; Liao et al., 2022; online

and offline cloze task: Chow et al., 2015; Chow, Smith, et al., 2016; Chow et al., 2018;

Liao et al., 2022). They also provide strong evidence that the discrepancy between cloze

probabilities and N400 amplitudes in argument role reversals cannot be attributed to the

timing differences, as has been suggested previously (e.g., Chow et al., 2018).

I proposed two competing hypotheses regarding the apparently inconsistent findings from
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the EEG studies and the cloze studies. One of the two hypotheses is the asymmetric pre-

activation hypothesis. Under this hypothesis, the pre-activation of lexical candidates is

not sensitive to argument roles. While N400 amplitudes relatively transparently reflect the

matched pre-activation for role-appropriate and inappropriate candidates, role-inappropriate

responses in the cloze task are prevented by a mechanism that monitors the plausibility of

the utterance. The other hypothesis is the asymmetric pre-activation hypothesis, where the

pre-activation process is sensitive to argument roles. Under this hypothesis, cloze responses

reflect such role-sensitive pre-activation, but N400 amplitudes reflect later integrative pro-

cesses that are not sensitive to argument roles.

As a first step in evaluating the two hypotheses, in this chapter, I demonstrate that

the pre-activation mechanisms are not completely role-sensitive and that there is at least

some pre-activation for role-inappropriate candidates. While this is fully consistent with the

symmetric pre-activation hypothesis, it is inconsistent with a strong version of the asym-

metric pre-activation hypothesis, according to which there is little or no activation for role-

inappropriate candidates.

As a different approach in this chapter, I exploit the between-context variability in

the availability of role-inappropriate candidates to investigate the role-inappropriate pre-

activation. If role-inappropriate candidates are pre-activated, some contexts may have more

tempting and stronger role-inappropriate candidates with high pre-activation rates (“lures”;

e.g.,tip for (19)), while others may not have salient role-inappropriate candidates (e.g.,(20)).

I conducted two speeded cloze experiments with English argument role reversal stimuli, taken

from prior EEG studies (Chow, Smith, et al., 2016; Ehrenhofer et al., 2019) and demonstrate

that such between-context variability in the availability of role-inappropriate candidates in-
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fluences (i) the role-appropriate RTs and (ii) the proportion of role-inappropriate productions,

suggesting that they are in fact pre-activated.

(19) The restaurant owner forgot which customer the waitress had ...

(20) The parent saw which child the lifeguard had ...

First, pre-activation of role-inappropriate candidates should influence the production la-

tencies of role-appropriate responses. As demonstrated in Chapter 2, pre-activated lexical

candidates appear to inhibit each other. Therefore, role-inappropriate candidates should

impose inhibition on the role-appropriate candidates and should slow down the responses,

even if the role-inappropriate candidates are not produced. I demonstrate that contexts

that are estimated to have more pre-activation for role-inappropriate candidates have slower

role-appropriate RTs compared to contexts without tempting role-inappropriate candidates.

This provides evidence that role-inappropriate candidates are activated to the extent that

they can inhibit role-appropriate candidates and slow down the role-appropriate responses.

Second, if role-inappropriate candidates are pre-activated such that they can win races at

least occasionally, contexts with stronger role-inappropriate candidates should have more

role-inappropriate productions. I demonstrate that this pattern is observed in the speeded

cloze experiments. Combining these two types of evidence from context-wise variability in

the availability of role-inappropriate candidates, I argue that role-inappropriate candidates

are pre-activated to the extent that they can inhibit role-appropriate candidates and can win

races at least occasionally.
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4.1 Experiment 4-1: Speeded cloze task with Chow et al. stimuli

The aim of this study was to test if there is some degree of role-insensitivity in pre-activation

and if role-inappropriate candidates are pre-activated. However, the fact that role-inappropriate

responses are rare makes it difficult to test this with the available speeded cloze data. Role-

inappropriate responses accounted for about 6% of the short condition responses in the

previous Japanese speeded cloze experiment (Chapter 3). These 6% responses might re-

flect a small but general pre-activation for role-inappropriate candidates. For example, a

role-inappropriate candidate with 3% cloze probability might win 3% of races just like a role-

appropriate candidate with the same cloze probability. Alternatively, this could mean that

they are highly pre-activated, but in 6% of trials they are produced despite the monitoring

mechanism. These accounts of role-inappropriate productions agree that role-inappropriate

candidates participate in basically every race, even when role-appropriate candidates are pro-

duced. They are not produced frequently, either because their pre-activations do not reach the

threshold before their competitors, or because the productions are prevented by a monitoring

mechanism. However, it is also possible that role-inappropriate candidates are generally not

considered but that there are 6% of exceptional trials where the role-inappropriate candidates

are pre-activated and produced. For example, participants might misinterpret the context

(21a) as (21b) and produce served in some trials. Given the small number of trials where

role-inappropriate responses are produced, it is not clear whether these role-inappropriate

responses in fact reflect sufficient pre-activation for production, or whether they reflect zero

or minimal pre-activation but with occasional errors outside of the normal race process.

In order to test if there is general pre-activation for role-inappropriate candidates, I use
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between-context variability of the strength of role-inappropriate lures and demonstrate that

lures systematically affect cloze responses. If role-inappropriate candidates are pre-activated,

some contexts may have tempting but role-inappropriate candidates (e.g., tip for (21a), while

others may not have such tempting role-inappropriate candidates (e.g., (22a)). If there is pre-

activation for role-inappropriate candidates, those candidates should influence cloze responses

in multiple ways.

(21) a. The restaurant owner forgot which customer the waitress had ...

b. The restaurant owner forgot which waitress the customer had ...

One way in which the role-inappropriate candidates can influence cloze responses is

through lateral inhibition. Simulations in Chapter 2 provided evidence for lateral inhibi-

tion between pre-activated candidates. The original race simulations by Staub et al. (2015)

failed to capture the slow low-cloze responses observed in their speeded cloze data. I demon-

strated that such patterns can be explained by an additional assumption of lateral inhibition

in the pre-activation mechanisms, which has independent support in the bottom-up lexi-

cal access literature. Given this finding, if role-inappropriate candidates are pre-activated,

role-inappropriate lures should inhibit other competitors. In particular, role-appropriate re-

sponses should be produced more slowly if they are competing with stronger lures compared

to role-appropriate candidates competing with weaker lures. Therefore, we can test for pre-

activation of role-incompatible candidates via inhibitory effects on role-compatible responses,

even if they are rarely uttered. Such inhibitory effects on role-appropriate RTs provide strong

evidence that role-appropriate candidates are generally participating in races.

Another way to test for pre-activation of role-inappropriate candidates is through the
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proportion of role-inappropriate responses that are produced. If the role-inappropriate re-

sponses in the cloze task reflect occasions on which they win races, there should be more

role-inappropriate responses in contexts with stronger lures.

I propose that the strength of lures in a context can be estimated from the strength

of the same lexical items as role-appropriate candidates in the context with the alternative

word order (henceforth the “alternative context”). When a lexical item is strong as a role-

appropriate competitor, presumably it is also strong as a role-inappropriate competitor in a

context with the alternative word order (henceforth the “alternative context”). Then, when

a context has strong role-inappropriate lures, it is likely to have strong role-inappropriate

competitors in the alternative context. For example, the context (21a) seems to have tempting

lures such as tip, and they are competitive role-appropriate candidates for (21b). On the other

hand, there are no tempting role-inappropriate candidates for (22a), presumably because

there is no salient role-appropriate candidates for (22b).

Based on the findings from Chapter 2 that the average of all RTs given the context can

be used as a context-level measure of the availability of candidates, the lure strengths of each

context can be estimated by mean RTs for all role-appropriate responses in the alternative

contexts. For example, the lure strengths in (21a) can be estimated based on the mean

RTs of role-appropriate responses in (21b). The difference in the availability of tempting

lures between (21a) and (22a) can be captured by the difference in the mean RTs for role-

appropriate responses between (21b) and (22b).

(22) a. The parent saw which child the lifeguard had ...

b. The parent saw which lifeguard the child had ...
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One might be concerned that if pre-activation is role-insensitive and if there is a mon-

itoring mechanism, as proposed in Chapter 3, cloze measures might not be able to reveal

the availability of candidates, because role-appropriate RTs would be skewed by the moni-

toring processes. However, even in such cases, mean cloze RTs are still useful context-level

measures. Contexts with stronger role-appropriate candidates are still associated with on av-

erage faster role-appropriate responses, because stronger role-appropriate candidates can win

quickly and also prevent role-inappropriate candidates from winning races. Therefore, even

if pre-activation might be role-insensitive, and there might be a monitoring mechanism, cloze

RTs can still be used to estimate context-wise variability in the strength of role-appropriate

candidates or lures.

In Experiment 4-1, I tested the pre-activation of role-inappropriate candidates via the

context-wise variability in the lure strengths. I collected speeded cloze data using Chow,

Smith, et al. (2016)’s stimuli. Chow, Smith, et al. conducted an EEG study where they used

sentence pairs such as (23) and found that there is no contrast in N400 amplitudes for served.

I obtained the lure strength for each context as the mean RTs of the alternative context, and

tested if that covaries with the RTs of role-appropriate responses and the proportion of role-

inappropriate responses. The results show that role-inappropriate candidates are in fact

pre-activated.

(23) a. The restaurant owner forgot which customer the waitress had served during dinner

yesterday.

b. The restaurant owner forgot which waitress the customer had served during dinner

yesterday.
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4.1.1 Methods

Participants

84 native American English speakers were recruited online on the crowdsourcing platform

Amazon Mechanical Turk. Participants received monetary compensation. Five participants’

data were not analyzed due to missing or unclear recordings, or not performing the task.

Additionally, eleven participants were excluded from the data due to unsatisfactory perfor-

mance as described in the Exclusion section below. This left 68 participants for analysis (36

females and 32 males; average age = 41.0).

Materials

We used 60 pairs of experimental items from Chow, Smith, et al. (2016) such as (24). Unlike

the EEG experiment, each stimulus ended at the word preceding the target verb. Partici-

pants instead provided a word that was a natural continuation of the presented context as

quickly as possible. Therefore, the same experimental item appeared in two different word

orders (e.g., (21)). The 60 stimuli in the two word orders were distributed across two lists

and assigned to participants using the Latin Square method. Additionally, 70 fillers were

created based on the filler items used in Chow, Smith, et al. (2016). The original sentences

were cut off in the middle so that participants could produce continuations.

Procedure

The experiment was conducted via the online experiment platform PCIbex (Zehr & Schwarz,

2018). In each trial, a fixation cross was presented on the center of the screen for 800ms.
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Each word of the sentence fragment appeared word-by-word in black font color on the center

of the screen. Each word was presented for 300ms and was followed by a blank screen pre-

sented for 230ms, which were the same as Chow, Smith, et al. (2016). Therefore the stimulus

onset asynchrony (SOA) was 530ms. Participants were instructed to articulate a natural

word as a continuation as quickly as possible after the final word of the sentence fragment

was presented, which was indicated by red font color. The audio was recorded for 3000ms

following the presentation of the final word, and then a text indicating the end of the trial

was presented. The responses were recorded by PCIbex and were automatically sent to a

server for data collection.

Data Processing

The recordings were first automatically transcribed and coded for onsets using the TransCloze

pipeline developed by the author. This pipeline uses the Google Cloud Speech-to-Text API

for automatic transcription of the speech data and Chronset (Roux, Armstrong, & Carreiras,

2017) for automatic detection of speech onsets. The transcriptions and the detected onsets

were then manually corrected by the author using Praat (Boersma &Weenink, 2023), through

both listening to the audio and visually inspecting the spectrograms. The coder had access

to the arguments of the produced verbs, but the order of the arguments was kept constant for

both sentence fragments of each pair, regardless of the actual word order in the experiment.

For example, the coder was presented with {waitress, customer} for both (21a) and (21b).

This helped the coder transcribe each response with contextual information but without

biases based on argument roles.

Subsequently, an undergraduate RA whose native language is American English coded
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each response. In this process, ungrammatical responses were flagged and removed from the

further coding processes. Then each of the remaining responses was presented with the exact

context in which it was produced as a continuation and the alternative context. The coder

checked each response and judged if it was clearly more plausible in either of the two con-

texts, whether it was equally plausible in the two contexts, or whether it was not plausible

in either context. In order to avoid biases, the coder did not know which of the two contexts

was the actual context in which the response was produced. Finally, each response was then

automatically coded based on the manual coding in the following way. Responses produced

with the (clearly) more plausible word order were coded as role-specifically appropriate. I

will refer to this category as role-specific for simplicity. Other responses produced with the

(clearly) less plausible word order were coded as role-inappropriate. Responses that were

equally plausible in either word order were coded as neutral. Responses that were not plau-

sible in either word order were flagged for the exclusion process described below and were

later removed from analyses.

Exclusion

I identified participants who failed to follow the instructions by inspecting their performance.

I counted trials with no response, non-word responses, ungrammatical responses, or responses

that are implausible in either word order. The trials where participants articulated the

context word(s) were also flagged as anomalous trials. This was because the cloze reaction

times might be affected by the articulation of those context words and participants were

instructed to avoid doing that.5

5Since recording started when the final words of the contexts were presented, we cannot detect the cases
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All participants who had 33% or more of those anomalous trials were excluded. Because

participants can, in principle, complete the experiment by producing the same verb in dif-

ferent trials, regardless of the context, they were explicitly instructed to avoid producing the

same verb in many trials. In order to detect participants who did not follow this instruc-

tion, I counted the number of each continuation produced by each participant. I excluded

participants who produced the same continuation in more than 25% of trials. Eleven par-

ticipants were excluded following these criteria, leaving 68 participants. Finally, I excluded

individual anomalous trials for the remaining participants. These exclusion processes left

3337 responses, which corresponds to 81.8% of all responses from the 68 participants.

4.1.2 Results

All the statistical analyses below used linear mixed-effects models with the lmer function or

binomial generalized linear mixed-effects models with the glmer function of the lme4 package

(Bates, Mächler, Bolker, & Walker, 2015) and lmerTest package (Kuznetsova, Brockhoff, &

Christensen, 2017) of the statistical analysis software R (R Core Team, 2020). I included the

maximal random effects structure for subjects and items that converged. The fixed effects

were different for each analysis, but they were all centered on their means.

Overall proportions of the categories

59.2% of the responses were role-specific, 26.5% were neutral, and 14.3% were role-inappropriate.

where participants articulated the context words before that. However, those cases are less problematic
because such early articulation would have a relatively small effect on the production latencies of the cloze
responses. Moreover, there were very few cases of (detected) articulation from participants who were included
in the analyses, while some removed participants did that in most trials. Therefore, I assume that the
articulation of the contexts has minimal effect on the cloze RTs
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Role-specific and neutral responses (role-appropriate responses) accounted for the majority

of the responses (85.7%). While there were more role-inappropriate responses in this ex-

periment than in the previous Japanese speeded cloze study, the overall pattern that most

responses were role-appropriate was replicated.

Context-wise variability in RTs of role-appropriate responses

Figure 33 illustrates the relationship between the role-appropriate RTs and the mean RTs of

all role-appropriate responses in the alternative contexts (henceforth the alternative mean

RTs). I conducted a statistical analysis using a linear mixed-effects model of RTs of role-

appropriate responses in individual trials. In addition to the alternative mean RTs, I included

the cloze probability of each response and its interaction with the alternative mean RTs. This

is to account for the within-context variability of RTs, which cannot be accounted for by the

alternative mean RTs. The analysis revealed a significant effect of the alternative mean RT

(β = −0.62, p < .001), suggesting that stronger lures (shorter alternative mean RTs) resulted

in slower role-appropriate responses. The black line in Figure 33 shows the coefficient of this

fixed effect. There was also a significant effect of the cloze probability (β = −0.61, p < .001),

replicating the negative correlation between cloze RT and cloze probability (Staub et al.,

2015). The interaction between the alternative mean RT and the cloze probability was not

significant (β = −0.28, p = 0.48).

Context-wise variability in the role-inappropriate responses

The proportions of role-inappropriate responses are plotted in Figure 34 as the color of

each dot. I also plotted the mean RTs of the role-appropriate responses produced in each

127



Figure 33: The relationship between alternative mean RTs (x-axis) and role-appropriate RTs (y-
axis) for Experiment 4-1.

context, which is another type of context-wise variability that is expected to influence the

production of role-inappropriate responses. If there are stronger role-appropriate candidates,

there should be fewer role-inappropriate responses, because the role-inappropriate candidates

should be less able to win races. The x-axis shows the mean RT of the role-appropriate

responses produced in each context, and the y-axis shows the mean RT of role-appropriate

responses produced in its alternative context. The color of the dots indicates the proportion of

role-inappropriate responses. As can be seen in the figure, there were more role-inappropriate

responses in contexts with shorter alternative mean RTs (i.e. stronger lures), indicated by

green to orange dots. In general, there were more role-inappropriate responses in the contexts

with longer mean RTs (i.e. stronger role-appropriate candidates).

A statistical analysis using a binomial generalized linear mixed-effects model of the role-

inappropriateness of each response revealed significant effects of the mean RTs of the context

itself (β = 2.97, p < .001) and the mean RTs of the alternative context (β = −4.39, p < .001).
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Figure 34: The relationship between mean
RT (x-axis), alternative mean RT (y-axis),
and the proportion of role-inappropriate re-
sponses (color).

Figure 35: An illustration of the binomial
generalized linear mixed-effects model’s pre-
diction. The axes and the color are identical
to Figure 34.

These suggest that stronger lures or weaker role-appropriate competitors result in more pro-

duction of role-inappropriate responses. Additionally, there was an interaction between the

two effects (β = 7.28, p < .001). Figure 35 illustrates the model prediction to facilitate the

interpretation of the interaction. There seems to be a consistent pattern showing that con-

texts with stronger role-inappropriate candidates are associated with more role-inappropriate

responses, as expected. Contexts with weaker role-appropriate candidates are also associated

with more role-inappropriate responses, which was also expected. However, this pattern re-

garding the role-appropriate candidates is reversed in the data with strong lures (i.e. the

bottom of the figure). I suspect that this arises from the lack of data points with both short

mean RTs and alternative mean RTs (the bottom-left corner of Figure 35).
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4.1.3 Discussion

The results showed that contexts with stronger lures have slower role-appropriate responses

and more role-inappropriate responses. These patterns can be straightforwardly explained

if role-inappropriate candidates are pre-activated enough to inhibit role-appropriate candi-

dates or to be produced occasionally. In particular, the analysis of role-appropriate RTs

provides a new kind of evidence for role-insensitive pre-activation, because it shows that

role-appropriate responses, which account for the majority of the cloze responses, are never-

theless affected by the pre-activation of their role-inappropriate competitors. This suggests

that role-inappropriate candidates are activated even in trials where they are not produced.

However, the finding about the impact of role-appropriate RTs should be taken with

caution, because the observed pattern could have been caused by the specific choice of stimuli.

In most of Chow, Smith, et al. (2016)’s stimuli pairs, only one of the paired contexts had

strong role-appropriate candidates. For example, saved is a role-appropriate response for

(22a) with a high cloze probability and short RTs (cloze probability: 77.4%, mean RT for the

response: 1086ms). On the other hand, in its alternative context (22b), the fastest response

produced by more than three participants is seen (cloze probability: 16.7%, mean RT for the

response: 1808ms). It is indeed difficult to create stimuli that have strong role-appropriate

candidates with either word order. In fact, as can be seen from Figure 34, there are no

contexts that have both short mean role-appropriate RTs and alternative mean RTs (i.e. no

dots in the bottom left corner). Given this, role-appropriate RTs might have been slower

when there are strong lures not because the lures inhibited the appropriate candidates, but

because there were simply no strong role-appropriate candidates.
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4.2 Experiment 4-2: Speeded cloze task with Ehrenhofer et al.

stimuli

In order to address the possibility that one of the findings in Experiment 4-1 was caused by

the nature of the stimuli rather than by the pre-activation of role-inappropriate candidates, I

replicated these findings with a different set of stimuli. Specifically, I used context pairs with

strong role-appropriate continuations in either word order created by Ehrenhofer et al. (2019).

Ehrenhofer et al.’s experiment was very similar to Chow, Smith, et al. (2016)’s study, both

in terms of the design and the stimuli, but they used context pairs that had matched offline

modal cloze probabilities. For example, (24a) has a highly predictable continuation of ridden

and (24b) also has gored. Although the modal cloze probabilities might not provide the best

estimates of the availability of candidates (see Chapter 2), these stimuli can have both strong

role-appropriate candidates and strong lures. A speeded cloze study with such stimuli can

therefore provide better evidence for role-inappropriate pre-activation than Experiment 4-2.

(24) a. The cattle rancher remembered which bull the cowboy had ...

b. The cattle rancher remembered which cowboy the bull had ...

It should be noted that Ehrenhofer et al.’ study was different from other EEG studies

on argument role reversals including Chow, Smith, et al.’s study in that they found N400

effects for the role-inappropriate verbs, which was also confirmed by another experiment. I

will discuss this in more detail in Chapter 6.
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4.2.1 Methods

Participants

80 native American English speakers were recruited in the same way as in the previous ex-

periment. Three participants’ data were not successfully uploaded to the server and were

removed from analyses. Five participants’ data were not analyzed due to multiple submis-

sions by the same person. Four additional participants were removed for not following the

instructions. Finally, three participants were excluded from the data due to unsatisfactory

performance as described in the Exclusion section below. This left 64 participants for anal-

ysis (32 females and 32 males; average age = 40.9).

Materials

We used 60 pairs of experimental items from Ehrenhofer et al. (2019) such as (24). One

noun phrase in an original pair was replaced with a less sensitive expression with minimal

change in the meanings of the sentence. Ehrenhofer et al. (2019) used four experiment items

that were also used in Chow, Smith, et al. (2016), and I included these stimuli in the current

experiment. I used the same 70 filler items as the previous experiment. These filler items

were used to confirm that the two experiments are comparable.

Procedure

The procedure was identical to the previous experiment, except for the instructions. While

participants were instructed to articulate a natural word as a continuation as quickly as pos-

sible in the previous experiment, participants in this study were instructed to complete each
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sentence fragment as quickly as possible. This was because there were more multiple-word

expressions in the target verbs Ehrenhofer et al. (2019) used compared to Chow, Smith, et

al. (2016), and their offline cloze norming survey asked the participants to complete sentence

fragments. I later demonstrate that this slight change in the instructions had minimal impact

on the way participants were engaged in the task.

Data Processing

The recordings were processed in the same way as the previous experiment, except that an

undergraduate RA corrected the initial transcription and onsets generated by the TransCloze

pipeline.

Exclusion

Participants and anomalous trials were excluded in the same way as the previous experiment.

This left 64 participants and 3222 responses, which corresponds to 83.9% of all responses from

the 65 participants.

4.2.2 Results

Filler items

I first analyzed 30 out of the 70 filler items shared between Experiment 4-1 and 4-2 to confirm

that the two experiments are comparable, despite the differences in the instructions. The

mean cloze RTs were 1415ms for Experiment 4-1 and 1425.36ms for Experiment 4-2. A

linear mixed-effects model analysis of the RTs revealed no significant effect of the stimulus

sets (β = 5.03, p = .87). Next, I averaged the RTs for each filler item for each experiment
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and plotted them in Figure 36a. The x-axis shows the mean RTs in Experiment 4-1 for each

filler item and the y-axis shows the mean RTs for the same item in Experiment 4-2. When

the within-context mean RTs are identical in the two experiments, the dots are on the black

lines. As the figure illustrates, there was a strong correlation between the RTs for the same

filler items in the two experiments (r = 0.97). Similarly, I computed the cloze probability of

each response and plotted in Figure 36b. As the figure illustrates, there was also a strong

correlation between the cloze probabilities in the two experiments (r = 0.96). These suggest

that the difference in the instructions did not significantly change the cloze RTs or cloze

probabilities.

(a) Correlation of within-context mean RTs (b) Correlation of cloze probabilities

Figure 36: Comparison of filler item responses in the two experiments. (a) shows the within-
context mean RTs, where each dot represents each context. (b) shows the cloze probability of each
continuation and each dot is each continuation, i.e., multiple possible continuations per context. If
there are perfect correlations between the responses in the two experiments, all the dots should be
on the black lines.

Overall proportions of response categories

Table 10 summarizes the proportions of the response categories in Experiments 4-1 and 4-2.

While there were more role-specific responses in Experiment 4-2, there was the same overall
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pattern that (i) role-specific responses were most frequent and role-inappropriate responses

were rarest, and that (ii) role-appropriate responses combining role-specific responses and

neutral responses accounted for the majority of the responses.

Specific Neutral Inappropriate
Experiment 4-1 59.2% 26.5% 14.3%
Experiment 4-2 65.4% 22.5% 12.1%

Table 10: Proportion of role-specific, neutral and role-inappropriate responses in the two speeded
cloze tasks.

The relationship between the mean role-appropriate RTs and the alternative mean role-

appropriate RTs is presented in Figure 37b. As can be seen in the figure, there are more

contexts with both short role-appropriate RTs and alternative role-appropriate RTs (the

bottom left corner) compared to the data in Experiment 4-2 (37a). That is, Ehrenhofer et

al. (2019)’s stimuli had contexts with both strong role-appropriate candidates and strong

role-inappropriate lures, as they were designed to have.

(a) Experiment 4-1 (b) Experiment 4-2

Figure 37: The relationship between mean RT (x-axis), alternative mean RT (y-axis), and the
proportion of role-inappropriate responses (color).
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Context-wise variability in RTs of role-appropriate responses

Figure 38 shows the relationship between the role-appropriate RTs and the strength of lures

estimated using the alternative mean RTs. A linear mixed-effects model analysis conducted

in the same way as in Experiment 4-2 revealed a significant effect of the cloze probability

(β = −0.52, p < .001), and the mean alternative RT (β = −0.42, p < .001). but no interaction

between the two effects (β = 0.09, p = .66). This pattern replicated the findings from

Experiment 4-1.

It should be noted that another analysis without the random effects for items showed no

significant effect of the mean alternative RT (β = 0.09, p = .083). This follows the context-

wise analyses of Staub et al. (2015), who did not include the random effects for items. Staub

et al. made this decision because there were no categorical conditions in their experiment

and each item had only one value for context-level variables (modal cloze probability in their

analyses). In such cases, the random effects of items cannot be estimated independently of

the context-level fixed effects. On the other hand, since each item in our experiment was

presented in two different word orders, the random effects of items can be independent of

the context-level fixed effects (i.e. mean alternative RT). Therefore it is more reasonable to

include the random effects for items in the current experiments. However, the effect of the

mean alternative RT, which is a measure of the lure strength, should be taken with caution

because whether or not to include the random effects of items resulted in a drastic difference

in the fixed effects. Additionally, RT analysis in Experiment 4-1 did not change by this

modification in the random structure.
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Figure 38: The relationship between the alternative mean RTs (x-axis) and the role-appropriate
RTs (y-axis) for Experiment 4-2.

Context-wise variability in the role-inappropriate responses

The proportion of role-inappropriate responses produced for each context and its relation-

ship with the mean role-appropriate RTs and the alternative mean role-appropriate RTs are

presented in Figure 37b. A binomial generalized linear mixed-effects model revealed a sig-

nificant effect of the mean RTs of the context itself (β = 5.81, p < .001), and the mean

RTs of the alternative context (β = −2.62, p < .001), but no interaction between the two

effects (β = 5.28, p = .126). Figure 39 illustrates the model predictions. The probability

of role-appropriate responses increases with longer mean role-appropriate RTs and shorter

alternative mean role-appropriate RTs. This suggests that role-appropriate responses are

slower in contexts with stronger lures.
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Figure 39: An illustration of the binomial generalized linear mixed-effects model’s prediction. The
axes and the color are identical to Figure 37b

4.2.3 Discussion

Experiment 4-2 combined with Experiment 4-1 provides evidence for role-inappropriate ac-

tivation via the between-context variability in lure strengths. The availability of lures in

each context was estimated using the mean role-appropriate RTs in the alternative con-

text. Contexts with stronger lures had (i) slower role-appropriate responses and (ii) more

role-inappropriate responses. These findings suggest that role-inappropriate candidates are

pre-activated such that they can inhibit the role-appropriate candidates and slow down those

responses and that they can win races at least occasionally, leading them to be produced.

The analysis of the relationship between the role-appropriate and the alternative mean

RTs suggests a novel use of (speeded) cloze data. In cloze tasks, we can only use cloze

measures from lexical candidates that are produced by at least one participant. This na-

ture of the task makes it difficult to investigate lexical candidates that are rarely or never
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produced by participants, including but not limited to argument role reversals. However,

as I demonstrated in the current studies, the pre-activation of such candidates can be indi-

rectly measured via the amount of inhibition they impose on the other candidates that are

produced.

The observation that there are more role-inappropriate responses when there stronger

lures can be straightforwardly explained if role-inappropriate candidates are pre-activated.

However, the data might still be explained by an account in which people do not consider and

pre-activate role-inappropriate candidates in general, but where they occasionally produce

such candidates when they misinterpret the contexts, if that misinterpretation correlates with

the availability of role-appropriate candidates in the alternative contexts. For example, people

might misinterpret (25a) as (25b) more often than to misinterpret (26a) as (26b). Although

this possibility cannot be excluded by the current experiments, it is unlikely, because people

have to misinterpret (25a) more often than (26a) without the verb. In the speeded cloze

task, participants are not directly presented with lures in the (speeded) cloze experiments

and they do not predict those lures under this hypothesis. Therefore, this account requires

that contexts such as (25a) are more confusing than (26a), which does not seem to be likely.

(25) a. The restaurant owner forgot which customer the waitress had ...

b. The restaurant owner forgot which waitress the customer had ...

(26) a. The parent saw which child the lifeguard had ...

b. The parent saw which lifeguard the child had ...

139



4.3 Implications for the monitoring mechanism

The data collected in the two speeded cloze studies also have implications for the way role-

inappropriate responses are produced under an approach that gives an important role to a

monitoring mechanism. In the role-insensitive pre-activation hypothesis, role-inappropriate

candidates are pre-activated just as strongly as role-appropriate candidates. However, a mon-

itoring mechanism checks for the plausibility of the utterance being produced and prevents

role-inappropriate productions.

The occasional role-inappropriate responses in the speeded cloze data can be explained in

at least two ways. First, they might reflect failures of detection of role-inappropriate winners.

While role-inappropriate winners of races are assumed to be detected by the monitoring

mechanism in most cases, it might fail to detect those role-inappropriate winners occasionally.

Second, role-inappropriate responses might be produced as a last resort when there are no

other candidates to be produced. In the speeded cloze task, there is some temporal pressure

on participants to produce cloze responses as quickly as possible. If a role-inappropriate

candidate is highly pre-activated but role-appropriate candidates are not, there should be

some cases where only role-inappropriate candidates reach the threshold, and where there

is pressure to quickly produce a response. In such cases, people might choose to produce

role-inappropriate candidates as a last resort in order to provide some response, even if they

are aware that the available winners are role-inappropriate.

The two mechanisms in fact make different predictions about the latencies of role-inappropriate

responses compared to the latencies of role-appropriate responses. If role-inappropriate can-

didates are predicted as strongly as role-appropriate candidates, and the role-inappropriate
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responses are produced because they somehow escaped the monitoring process, then role-

inappropriate responses should be faster than role-appropriate responses. Assuming that

role-inappropriate candidates are just as strongly pre-activated as role-appropriate candi-

dates, but role-appropriate responses are produced much more frequently, a large number of

the role-appropriate responses should be products of revision processes. That is, they would

be produced after a role-inappropriate candidate reaches the threshold but is subsequently

inhibited. Therefore, a large number of role-appropriate responses should be produced fol-

lowing such a revision process, resulting in longer RTs on average. In the same scenario,

role-inappropriate responses should be produced faster than role-appropriate responses, be-

cause they cannot be products of such a revision process. Therefore, role-inappropriate

responses on average should be faster than role-appropriate responses.

On the other hand, if role-inappropriate responses are produced as a last resort when

there is no other response to produce, the role-inappropriate candidates should be slower

than role-appropriate responses. While role-appropriate responses can be produced any time

a role-appropriate candidate reaches the threshold and passes the monitoring process, role-

inappropriate candidates are produced when there is no such candidate that was able to be

produced earlier. Hence role-inappropriate responses should be slower than role-appropriate

responses.

The RT data of Experiments 4-1 and 4-2 can be used to evaluate these predictions. The

mean cloze RTs of each response category for each experiment are presented in Table 11

and Figure 40. A linear mixed-effects model of cloze RTs revealed a significant effect of

role-appropriateness (β = −0.21, p < .001). There was no significant effect of experiments

(β = −0.06, p = .148) or interaction between experiments and role-appropriateness (β =
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0.01, p < .695). This pattern was also seen in other speeded cloze experiments (Lee et al.,

2022).

Thus role-inappropriate responses are slower than role-appropriate responses in both ex-

periments. This suggests that role-inappropriate responses were not produced because the

monitoring mechanism failed to catch them, but because there were no role-appropriate can-

didates to be produced.

Appropriate Inappropriate
Experiment 4-1 1558 1761
Experiment 4-2 1491 1696

Table 11: Cloze RTs of role-appropriate, neutral and role-inappropriate responses in the cloze
tasks.

Figure 40: Cloze RTs of role-appropriate and inappropriate responses in Experiments 4-1 and 4-2.

Overall, Experiments 4-1 and 4-2 serve as an initial step in understanding the discrepancy

between different measures. Here I asked if there is any evidence for role-inappropriate pre-

activation, and the results suggest that role-inappropriate candidates are indeed activated

sufficiently to inhibit role-appropriate competitors or to win races at least occasionally. Fur-
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thermore, within the symmetric pre-activation hypothesis, the comparison of role-appropriate

and inappropriate RTs provides evidence for role-inappropriate production as a last resort,

rather than as a consequence of monitoring failure.

However, the current studies do not provide evidence for whether the pre-activations of

role-inappropriate candidates are as large as those of role-appropriate candidates, or whether

they are still much smaller than the activations of role-appropriate candidates. In order to

test if there is matched pre-activation for role-appropriate and inappropriate candidates, I

turn to two different pre-activation measures in the next chapter.
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5 Lexical tasks and distributional analyses of reaction

times

Previous chapters have explored the mismatch between measures of pre-activation. Chap-

ter 3 demonstrated that there is a mismatch between N400 amplitudes and speeded cloze

probabilities in argument role reversals, even when both stimuli and time courses are care-

fully matched. While there was no contrast between the N400 amplitudes for role-appropriate

and inappropriate candidates when the target verbs were presented shortly after the contexts,

speeded cloze responses were predominantly role-appropriate. Therefore, the different mea-

sures tell inconsistent stories about whether and how argument roles impact pre-activation.

The N400 studies suggest that argument roles do not influence pre-activation at least tem-

porarily and hence that role-appropriate and inappropriate candidates are matched in terms

of pre-activation. On the other hand, the speeded cloze study suggests that argument roles

have a large impact on pre-activation, and role-appropriate candidates are much more pre-

activated compared to role-inappropriate candidates. Chapter 4 showed that there is some

degree of role-insensitive pre-activation in the speeded cloze task, using context-wise variabil-

ity in the estimated availability of role-inappropriate candidates (“lures”). Role-appropriate

responses with stronger lures were produced more slowly, presumably reflecting lateral inhibi-

tion from the pre-activated lures. Additionally, there were more role-inappropriate responses

with stronger lures, suggesting that role-inappropriate candidates can at least occasionally

win races and be produced in the speeded cloze task.

While the previous studies in this thesis provided evidence for some amount of role-

inappropriate pre-activation, it is not clear how much role-inappropriate candidates are pre-
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activated compared to role-appropriate candidates. They might be pre-activated just as

much as role-inappropriate candidates, suggesting that argument roles have no impact or

minimal impact on pre-activations. On the other hand, they might be much less pre-activated

than role-appropriate candidates, where argument roles can have a strong influence on pre-

activations. In this chapter, I seek more direct evidence of role-(in)sensitive pre-activation, in

order to evaluate the influence of argument roles on pre-activation. While N400 amplitudes

and speeded cloze responses might be influenced by post-lexical combinatorial processes, I use

other measures of pre-activation that are potentially less susceptible to post-lexical processes,

and I further isolate the effects of pre-activation by analyzing the distributions of reaction

times.

5.1 Lexical decision task and Read-aloud task

If the conflicting pre-activation measures rather transparently reflect the common underly-

ing pre-activation, as assumed in the Simple Activation Model (Chapter 1), those measures

should align with each other in any case, including argument role reversals. In order to ac-

count for the mismatch between the pre-activation measures, I proposed two hypotheses that

question the linking hypotheses in different ways. The symmetric pre-activation hypothesis

maintains that cloze responses do not simply reflect pre-activations, and that cloze responses

are skewed by a post-lexical combinatorial process. I proposed in Chapter 3 that once a lexi-

cal candidate is pre-activated and reaches a threshold, it is temporarily incorporated into the

utterance meaning representations and a monitoring mechanism checks for the plausibility

of the lexical candidate in its context. With such processes, role-inappropriate candidates

are detected and inhibited before they are produced even if pre-activations are matched
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across role-appropriate and inappropriate candidates. Thus the discrepancy between the

pre-activation measures might be caused by the monitoring mechanism. On the other hand,

under the asymmetric pre-activation hypothesis, the linking hypothesis of N400 amplitudes

is instead questioned. Some researchers argue that it reflects post-lexical combinatorial pro-

cesses. Some of them maintain that N400 amplitudes reflect the processes to integrate the

meanings of lexical items into the utterance meaning representations (e.g. Brown & Hagoort,

1993; Rabovsky et al., 2018), while others argue that N400 amplitudes reflect the detection of

semantic anomalies in the utterance meaning representations (e.g. Kim & Osterhout, 2005).

If N400 amplitudes in fact reflect these post-lexical processes, they do not align with cloze

probabilities because they reflect different processes.

Given this uncertainty about the linking hypotheses for the available measures, if there

are alternative measures that can assess the pre-activation without the influence of post-

lexical combinatorial processes, they would provide better evidence for role-(in)sensitivity in

pre-activation processes. I propose that simple lexical decision and read-aloud (naming) tasks

may be more transparent measures of pre-activation, excluding the influence of post-lexical

processes. In the lexical decision task, participants are asked to judge if a presented string of

letters is a real word in the target language or is a meaningless non-word. Response latencies

in this task are faster when the lexical representations are pre-activated, for example by

semantic priming (Meyer & Schvaneveldt, 1971; Perea & Rosa, 2002; Ratcliff et al., 2004).

It is also known that sentential contexts can facilitate lexical decisions, and that RTs in the

lexical decision task are faster for high-cloze items than low-cloze items (Kleiman, 1980).

In the read-aloud task (or the naming task or the pronunciation task), people simply read

aloud a presented string of letters, and the latency of the speech production onset is used as
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the measure. Similar to the lexical decision task, more lexical activation enables articulation

with shorter latencies (e.g. Stanovich & West, 1983). RTs in the read-aloud task are also

affected by sentential contexts (Seidenberg et al., 1984).

These tasks are different from other measures in that responses can be initiated once basic

lexical processes are completed. In the lexical decision task, participants only need to access

the lexical representation for the target lexical item and find out that it is in the lexicon.

The read-aloud task can be completed once the lexical representation has been accessed and

the form associated with it has been retrieved. Therefore, the nature of these tasks might

reduce the influence of post-lexical processes.

Importantly, nothing about the task demands in these studies requires the monitoring

mechanism to quickly inhibit role-inappropriate candidates, unlike the speeded cloze task.

As discussed in Chapter 3, the monitoring mechanism might be involved in tasks other than

the speeded cloze task, but the threshold for monitoring is lowered in the speeded cloze task.

In the speeded cloze task, people are not presented with continuations, and they themselves

must provide responses quickly. Under such circumstances, if no lexical item reaches the

threshold quickly, people would not be able to produce anything. A lowered threshold can

increase the chance of successful production under time pressure. It simultaneously allows

quick detection and inhibition of role-inappropriate candidates by the monitoring mechanism,

which is triggered by candidates reaching the activation threshold. On the other hand, in

EEG studies with comprehension tasks, as well as the lexical decision task and the read-aloud

task, the threshold could be high because people do not provide responses by themselves.

They might pre-activate lexical candidates, but there is no pressure to have lexical candidates

reach the threshold, which results in slower inhibition of role-inappropriate candidates.
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However, the lexical decision task and the read-aloud task might not completely block

the influence of post-lexical combinatorial processes, even though they do not require those

processes. Participants can, in principle, incorporate the meaning of the presented lexical

item into an utterance meaning representation before responding to the lexical decision or

read-aloud tasks, even if they are not required to do so. If this is the case, the effect of

pre-activation on RTs might be obscured by the effect of combinatorial processes. In order

to isolate the effect of pre-activation on RTs from the combinatorial processes, I employ

distributional analyses of the RTs in the two tasks, as described in detail in Section 5.2.

5.1.1 A prior study in the read-aloud task

There is one previous study that used the read-aloud task for argument role reversals.

Ferretti, McRae, and Hatherell (2001) conducted a cross-modal read-aloud task in their Ex-

periment 4. They presented participants with contexts auditorily, such as the parts preceding

the slashes in (27), (28) (29), and (30). The target words (crook or cop in the examples)

were presented visually at the offset of the contexts and participants read them aloud. (27b)

and (29b) can be considered as argument role reversal sentences in that cop is assigned an

inappropriate role (patient), although it would be an appropriate agent. (28) and (30) can be

considered as baselines for (27) and (29) respectively. Ferretti et al. found that target words

that are appropriate in the contexts ((27a) and (29a)) were produced faster compared to the

baselines, but the same target words in role-inappropriate contexts ((27b) and (29b)) were

not. This suggests that role-appropriate continuations such as crook for (27a) or cop for (29a)

were pre-activated using the contexts, leading to shortened RTs, but that role-inappropriate

continuations such as cop for (27b) or crook for (29b) were not. This seems to be inconsistent
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with the findings in EEG studies that repeatedly found no contrast between role-appropriate

and inappropriate continuations in role reversal contexts, including the Japanese study by

Momma (2016) re-analyzed in Chapter 3 and other prior studies (Kolk et al., 2003; Kuper-

berg et al., 2003; Hoeks et al., 2004; Kim & Osterhout, 2005; Oishi & Tsutomu, 2010; Chow,

Smith, et al., 2016; Chow et al., 2018; Liao et al., 2022).

(27) a. She arrested the / crook.

b. She arrested the / cop.

(28) a. She kissed the / crook.

b. She kissed the / cop.

(29) a. She was arrested by the / cop.

b. She was arrested by the / crook.

(30) a. She was kissed by the / cop.

b. She was kissed the / crook.

A few differences between Ferretti et al. (2001)’s study and other prior studies on argu-

ment role reversals should be pointed out. First, while most other prior studies on argument

role reversals investigated the processing of verbs given arguments, arguments were the tar-

gets (cop or thief in the examples above) and verbs were provided to participants in this

study. People could have been in different states after encountering a context that included

a verb (e.g., Friederici & Frisch, 2000). Second, it is not clear how much the time courses were

matched with other prior studies. Since the stimuli were presented auditorily, the timing was

not controlled in the same way as in prior EEG studies where the stimuli were presented in
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rapid serial visual presentation. The time course of the experiment is critical for interpret-

ing the results, given the findings about effects of timing on N400 effects (Chapter 3 and

Chow et al. (2018); Liao et al. (2022)) as well as in the visual world paradigm (Kukona et

al., 2011). Given that participants were presented with the target arguments at the offset

of the context, they did not have a long interval between the presentation of the context

and the target argument, but it is not clear how much the time courses aligned with other

studies. A study that is better matched with prior studies will provide better evidence for or

against role-sensitive pre-activation. Furthermore, as mentioned above, the read-aloud task

may not completely exclude the involvement of post-lexical combinatorial processes. Distri-

butional analyses of RTs will allow me to investigate the influence of pre-activation on RTs

independent of the combinatorial processes.

5.2 Distributional analyses of reaction times

In order to isolate the potential influence of pre-activation and of post-lexical combinatorial

processes, I conducted response time distributional analyses (e.g. Ratcliff, 1979; Balota, Yap,

Cortese, & Watson, 2008; Staub, 2011). The analyses built on the fact that differences in

right-skewed distributions such as RTs can be caused by differences in the locations of the

entire distributions (Figure 41a), or by differences in the tails of the distributions (Figure

41b). These two types of differences between RT distributions can be dissociated by vincentile

plots or by fitting distributions such as ex-Gaussian distributions to the data. I propose that

pre-activation should mainly modify the locations of the RT distributions, while post-lexical

combinatorial processes such as monitoring or semantic anomaly detection should primarily

influence the tail of the distribution.
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When researchers compare RTs in two conditions, they often calculate the means of the

distributions and compare them between the conditions. However, RT distributions are

very rarely symmetric. They are usually right-skewed (e.g., distributions in Figure 41). A

difference between the means of two right-skewed RT distributions can be caused by a shift

in the location of the distribution and/or a larger and extended tail. For example, the orange

and green distributions are generated by shifting the location of the blue distribution (Figure

41a) and by modifying the tail of the blue distribution (Figure 41b). Despite the difference

in the shapes, the orange and green distributions have identical means.

(a) Shifted location (b) Increased tail

Figure 41: Differences in RT means can be caused (a) by shifting the location or (b) by modifying
the tail. The blue distributions in the two figures are identical and the orange and green distributions
have matched means.

Some researchers focused on this distinction between the location and the tail and inves-

tigated whether a certain factor influences the location or the tail of the RT distributions

(e.g. Balota et al., 2008; Staub, 2011). That is, whether the factor influences essentially

all responses and shifts the entire distribution, or whether it strongly influences a subset of

responses and right-skews the distribution by modifying the tail.

I propose that pre-activation should influence the location, while integrative processes
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should influence the tail in the lexical tasks. This is because increased pre-activation for

the target lexical item should facilitate essentially all responses for that item. On the other

hand, presumably, the integrative processes in the lexical tasks are not deployed in most cases

because they are not required by the task, and therefore they should more strongly influence

only a subset of responses. In fact, Balota et al. (2008) showed that semantic priming shifts

the RT distributions in both lexical decision and read-aloud tasks. Thus, if role-inappropriate

candidates are pre-activated just as much as role-appropriate candidates, the locations of the

distributions should be closely matched, while the tails might or might not be different. On

the other hand, if the two classes of candidates are pre-activated differently, the locations of

the RT distributions should reflect that contrast.

Prior studies have used two ways to isolate the effects on the location and the tail. One

approach is to use vincentiles. This approach ranks the RTs and divides the data into bins

of equal numbers of observations based on the ranks. For example, the shortest 10% of RTs

(per condition per participant) are in the first bin, the next 10% are in the second bin, and

so on. Vincentile refers to the mean of the RTs in each bin. Figure 42a shows the vincentile

plots for the same data sets used in Figure 41. Figure 42b shows the difference between

the vincentiles of the original distribution (blue) and two modified distributions (orange and

green). A shift in the location of the RT distributions can be observed as a difference that

is consistent across bins (Figure 42a: blue vs orange). In the difference plot, a pure contrast

in locations appears as a horizontal line (Figure 42b: orange). On the other hand, the larger

and extended tail can be observed as an increased slope and an especially large increase in the

slowest bins (Figure 42a: blue vs green). In the difference plot, this appears as no difference

in the first bins but increasingly greater differences in the later bins (Figure 42b: green).

152



(a) Vincentile plots (b) Difference plots

Figure 42: Vincentile plots of the simulated data in Figure 43a. (b) shows the differences between
the vincentiles of the original distribution (blue dots/lines in (a)) and the vincentiles of the modified
distributions (orange and green dots/lines in (a)).

Another approach is to fit distributions such as ex-Gaussian (exponentially modified

Gaussian) distributions to the RT distributions (Ratcliff, 1979). Ex-Gaussian distributions

are right-skewed distributions that are convolutions of two distributions. One of the com-

ponents is a Gaussian distribution (normal distribution) and the other is an exponential

distribution. For example, an ex-Gaussian distribution in Figure 43a can be considered as

a convolution of the two distributions illustrated in Figures 43b and 43c. There are three

parameters for the two components: µ and σ for the Gaussian component, which respectively

captures the mean and the standard deviation of the component, and τ for the exponential

component, which controls both the mean and standard deviation of the component. A shift

in the location of the distribution can be captured as a difference in the µ parameter, while

a difference in the right tail can be captured as a difference in the τ parameter. There-

fore, the effect of a factor on two right-skewed RT distributions can be isolated by fitting

ex-Gaussian distributions to the RT distributions and comparing the µ and τ parameters of

the two ex-Gaussian distributions.
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(a) Ex-Gaussian (b) Gaussian component (c) Exponential component

Figure 43: An ex-Gaussian distribution (a) consists of the Gaussian component (b) and the
exponential component (c).

In this study, I conduct vincentile analyses of the RTs in the lexical decision task and

the read-aloud task. I did not conduct ex-Gaussian analyses because the limitations in the

experiment designs did not provide sufficient observations per participant or per item per

condition to fit ex-Gaussian distributions to RT data. (Ratcliff (1979) recommends data

with 100 or more observations to fit a gamma distribution for reliable fitting). Therefore,

I only report the vincentile analyses that are suitable for analyses with fewer observations

(Ratcliff, 1979).

5.3 Experiment 5-1

The current study tested for the pre-activation of role-inappropriate verbs in the lexical

decision task and the read-aloud task. In order to match the stimuli and the time course

with prior studies on argument role reversals, I used the same stimuli based on Chow, Smith,

et al. (2016) and presented them in the same manner as Chow, Smith, et al.. Participants

either judged whether the target verb is a real English word or a non-word in the lexical

decision task, or simply read them aloud in the read-aloud task.

The stimuli consisted of two types of sentence pairs: argument role reversal items (reversal
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items: e.g., (31)) and argument substitution items (substitution items: e.g., (32)). The

reversal items had the same arguments but with different argument role assignments. On the

other hand, substitution items had different direct object arguments. The target verbs, served

and evicted in the examples, had high offline cloze probabilities in the high-cloze condition

((31a) and (32a)). On the other hand, the same verbs had low offline cloze probabilities

in the low-cloze condition ((31b) and (32b)). The offline cloze probabilities were matched

between the two high-cloze conditions and between the two low-cloze conditions.

(31) a. The restaurant owner forgot which customer the waitress had served.

b. The restaurant owner forgot which waitress the customer had served.

(32) a. The superintendent overheard which tenant the landlord had evicted.

b. The superintendent overheard which realtor the landlord had evicted.

The primary interest is in the comparison between the reversal/high-cloze condition (31a)

and the reversal/low-cloze condition (31b). If pre-activations are matched for role-appropriate

and inappropriate verbs, the locations of the RT distributions should be matched for (31)

and any differences in the mean RTs should arise from difference in the tails, if at all. On the

other hand, if role-appropriate verbs are more strongly pre-activated than role-inappropriate

verbs, there should be a contrast in the locations of the distributions. The substitution items

(32) serve as baselines in which participants should pre-activate the target verbs differently

in the high-cloze and low-cloze conditions. Chow, Smith, et al. in fact found N400 contrasts

between the substitution items, while they did not find N400 contrasts between the reversal

items. Therefore, there should be a contrast in the locations of the RT distributions of the

substitution items.
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5.3.1 Methods

Participants

80 native American English speakers were recruited online on the crowdsourcing platform

Amazon Mechanical Turk. Participants received monetary compensation. Four participants’

data were not analyzed due to missing data. Additionally, five participants were excluded

from the data due to unsatisfactory performance as described below. This left 71 partici-

pants for analysis (42 females and 29 males; average age = 40.9). Another 2 participants

were excluded from the analyses of the read-aloud task due to poor audio quality.

Materials

120 sentence pairs of high-cloze and low-cloze sentences were taken from Chow, Smith, et al.

(2016)’s Experiment 1. The stimuli in the current experiment were identical to the original

stimuli up to the target verb. However, the stimuli in this experiment did not include the

parts following the target verbs so that they do not interfere with the lexical decision task or

the read-aloud task. 60 pairs of stimuli were reversal items such as (31) and the other 60 pairs

were substitution items such as (32). The low-cloze condition of the reversal items was created

by reversing the arguments of the high-cloze condition (31b), while the low-cloze condition of

the substitution items was created by replacing the object of the high-cloze condition (32b).

One of the pairs from Chow, Smith, et al. was replaced with another sentence pair due to

potentially sensitive content. For each participant, 30 reversal items and 30 substitution

items were presented in the lexical decision task and the remaining stimuli were presented

in the read-aloud task. Half of the 30 stimuli sets were presented in the high-cloze condition
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and the rest were presented in the low-cloze condition. Therefore, there were 15 experimental

items for each condition per task per participant.

Additionally, 60 filler items were created for the read-aloud task. Half of the fillers were

plausible and the others were implausible. The target words to be read aloud were always

the final words of the sentences. Another set of 180 filler items was created for the lexical

decision task. 60 of those fillers had embedded object questions and had OSV word order

(henceforth OSV fillers) and the targets were non-words. Since all the experimental items

had embedded object questions ((31) and (32)) and all had real-word targets, the OSV fillers

were necessary to make it impossible for participants to expect real words following embedded

object questions. 60 of the other fillers were sentences without embedded object questions and

with real-word targets. Half of those fillers were plausible and the other half were implausible.

Another 60 fillers were without embedded object questions but with non-word targets.

The target non-words were pronounceable pseudo-words either directly obtained from the

ARC Nonword Database (Rastle, Harrington, & Coltheart, 2002) or created by combining

two pseudo-words in the database. The target non-words in the OSV fillers were created

by adding past-participle suffixes to the non-words (e.g. donsed, spriswalved). This made

it impossible for participants to make lexical decisions by attending to the right edge of the

target verbs or non-words. The number of letters of the non-words in the OSV fillers was

matched with the length of the target verbs of the experimental items. The target non-words

in other fillers were created in a similar way, but they appeared with inflectional suffixes if

the contexts required them. The numbers of letters were matched with the target words of

the filler items with the real-word targets. Finally, a native speaker of American English

checked all the non-word stimuli and confirmed that they were in fact non-words.
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Procedure

The experiment was conducted via the online experiment platform PCIbex (Zehr & Schwarz,

2018). Stimuli were presented in an almost identical manner as Experiments 4-1 and 4-2. In

each trial, a fixation cross was presented on the center of the screen for 800ms. Each word of

the sentence fragment appeared word-by-word in black font color on the center of the screen.

Each word was presented for 300ms and was followed by a blank screen presented for 230ms,

matching the time parameters in Chow, Smith, et al. (2016). Therefore the stimulus onset

asynchrony (SOA) was 530ms.

The experiment consisted of two blocks corresponding to the two tasks. In the lexical

decision block, the target word in each trial was presented with blue font color, and par-

ticipants judged if the target word was a real word in English or not by pressing keys. In

the read-aloud block, the target word in each trial was presented with red font color, and

participants read the target word aloud while their responses were recorded. The audio was

recorded for 3000ms following the presentation of the final word, and then a text indicating

the end of the trial was presented. The responses were recorded by PCIbex and were auto-

matically sent to a server for data collection. The order of the blocks was counterbalanced

across participants.

Some lexical decision and read-aloud trials were followed by a comprehension task where

participants were asked about the plausibility of the sentences. They pressed keys and made

binary judgments about whether the sentence was plausible or not. This task was necessary

to confirm that participants are paying attention to the contexts because, in principle, it is

possible to perform the lexical decision and read-aloud tasks without reading the contexts at
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all. The comprehension questions followed all the experimental trials, half of the filler items

in the read-aloud task and half of the filler items with real words in the lexical decision task.

This accounted for 37.5% of all the lexical decision trials and 75% of the read-aloud trials.

Data Processing

For the read-aloud task, the onsets of the speech were first automatically detected by Chron-

set (Roux et al., 2017) using the TransCloze pipeline developed by the author. Then the

onsets were manually corrected by the author using Praat (Boersma & Weenink, 2023),

through both listening to the audio and visually inspecting the spectrograms. Trials without

valid responses were marked for rejection in this process.

Exclusion

All lexical decision responses with RTs shorter than 200ms or longer than 3000ms were re-

moved. These affected 2.6% of all the experimental trials for the 71 participants who were

analyzed. Subsequently, responses with inaccurate responses were removed for the RT anal-

yses. These left 3959 lexical decision trials for experimental items. In the read-aloud task, all

trials without responses or with non-target responses were excluded. These trials consisted of

0.3% of all the responses by the 69 participants who were analyzed. Subsequently, responses

with RTs longer than 1500ms were removed. This affected 1.0% of all the experimental trials.

These processes left 4084 read-aloud trials for experimental items.

Data analysis

The distributional analyses were conducted in different ways from prior studies (Balota et al.,
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2008; Staub, 2011). Balota and colleagues obtained vincentiles for each participant for each

condition and they analyzed the distributions of the by-participant vincentiles. In the current

study, I plotted by-item average RTs instead of by-participant average RTs in the vincentile

plots. This was because some participants had as few as four observations for one condition

in a task. On the other hand, there were at least twelve observations for each context for

each condition and task. There were 16.5 observations in the lexical decision task and 17.0

observations in the read-aloud task for each context for each condition on average. Since the

number of observations was still relatively small, I divided responses for each condition for

each item into five bins (c.f. Staub (2011) had 38.7 responses on average per condition per

participant and had ten bins).

Linear mixed-effects model analyses were conducted using the lmer function of the lme4

package (Bates et al., 2015) and lmerTest package (Kuznetsova et al., 2017) of the statistical

analysis software R (R Core Team, 2020). For statistical analyses for vincentiles, I constructed

linear mixed-effects models for the RT by trials and the bins were included as one of the fixed

factors. In all the analyses below, categorical factors were coded by -0.5 or 0.5 (Substitution:

-0.5, Reversal: 0.5; high-cloze: -0.5, low-cloze: 0.5). Bins in the distributional analyses were

coded from 0 to 1 with increments of 0.25 in ascending order. That is, the first bin was

coded as 0, the second bin was coded as 0.25, and the fifth bin was coded as 1. I included

the maximal random effects structure for subjects and items that converged. Under this

coding system, the effects on the locations of RTs can be seen as terms without a bin (i.e.,

fixed effects of cloze manipulation, sentence type, and their interaction). On the other hand,

any tail effects should be visible as interactions including bin. All the statistical models for

distributional analyses revealed significant effects of bins. That is, responses in faster bins
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were faster. I do not discuss these in the Results section because they are simple consequences

of how the bins are defined.

5.3.2 Results

Comprehension questions

As mentioned in the Participants section, five participants answered the comprehension ques-

tions of the filler items with 66.7% or lower accuracy in either task. These participants were

excluded from subsequent analyses. The accuracy of the comprehension questions of the

remaining participants was 89.9% in the lexical decision task and 86.8% in the read-aloud

task.

The accuracy of the comprehension questions in the experimental items was 80.9% for the

reversal condition and 78.1% for the substitution condition in the lexical decision task, and

80.0% for the reversal condition and 79.2% for the substitution condition in the read-aloud

task. The rates of plausible judgments in each task in each condition are summarized in

Table 12. There seems to be a bias towards plausible judgments in either task and in either

sentence type (reversal or substitution). However, people seem to be accurately responding

to the comprehension question on average.

Task Lexical decision Read-aloud
Condition High-cloze Low-cloze High-cloze Low-cloze
Reversal 93.7% 31.8% 91.8% 31.8%
Substitution 93.9% 37.7% 93.5% 35.2%

Table 12: The accuracy of comprehension questions in the lexical decision task and the read-aloud
task.
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Lexical decision task

The accuracy of the lexical decision trials is summarized in Table 13. Participants responded

accurately to the lexical decision task.

Cloze High-cloze Low-cloze
Reversal 99.7% 98.7%
Substitution 99.3% 99.0%

Table 13: Accuraccy of the lexical decision task in Experiment 5-1

Non-distributional anlaysis

Inaccurate responses and responses with RTs longer than 2000ms were removed from the

non-distributional RT analyses. This process left 3584 trials. The RTs of the accurate lexical

responses are shown in Figure 44a. A linear mixed-effects model of RTs revealed a significant

effect of cloze manipulation (β = 109.71, p < .001) but no significant effect of sentence type

(β = −4.88, p = .72) and no interaction between the two effects (β = −16.82, p = .43).

(a) Lexical decision task (b) Read-aloud task

Figure 44: RTs of the experimental items (reversal and substitution) in (a) the lexical decision
task and (b) the read-aloud task. The RTs of the OSV fillers are plotted for the lexical decision
task as well. Error bars represent by-participants standard errors.
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Distributional anlaysis

The RT distributions of each condition and each sentence type in the lexical decision task

are plotted in Figure 45. The distributions are strongly right-skewed, as we would expect in

a task of this kind.

(a) Reversal (b) Substitution

Figure 45: The RT distributions of the experimental items with accurate responses in the lexical
decision task.

The vincentiles of the lexical decision RTs are plotted in Figure 46a. The differences

between the high-cloze condition and the low-cloze condition of each sentence type are plotted

in Figure 46b. There appear to be consistent differences between the high-cloze and low-cloze

conditions across all bins, as well as slope differences.

I conducted a statistical analysis using a linear mixed-effects model of RTs including cloze

manipulation, sentence type, and bin, and all their interactions as predictors. The analysis

revealed a significant effect of cloze (β = 54.67, p < .001), bin (β = 1185.39, p < .001),

and an interaction between the two factors (β = 162.12, p < .001). There was no interaction

between other factors and interactions. These suggest that the cloze manipulation influenced

both the locations and the tails of the RT distributions. There was no evidence for contrasts

between reversal and substitution stimuli.
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(a) Vincentile plots (b) Difference plots

Figure 46: Vincentile plots of the lexical decision task in Experiment 5-1. (b) shows the differences
between the vincentiles of the original distribution (blue dots/lines in (a)) and the vincentiles of
the modified distributions (orange and green dots/lines in (a)).

Read-aloud task

Non-distributional anlaysis

The mean read-aloud RTs are shown in Figure 44b. A linear mixed-effects model of RTs

revealed a significant effect of cloze (β = 24.88, p < .001) but no significant effect of sentence

type (β = −13.61, p = .06) or interaction between the two effects (β = 1.44, p = .84).

Distributional anlaysis

The RT distributions of each condition and each sentence type in the read-aloud task are

plotted in Figure 45. Responses with RTs longer than 1500ms are not included in the figure.

The distributions appear to be right-skewed but less so than the lexical decision task.

The vincentiles of the read-aloud RTs are plotted in Figure 48a. The difference between

the high-cloze condition and the low-cloze condition of each sentence type is plotted in Figure

48b. While there seem to be consistent differences between the high-cloze and low-cloze
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conditions of the substitution items across all bins, the difference between the vincentiles of

the reversal items seems to be in the slopes.

(a) Reversal (b) Substitution

Figure 47: RT distributions of the experimental items with accurate responses in the read-aloud
task in Experiment 5-1.

(a) Vincentile plots (b) Difference plots

Figure 48: Vincentile plots of the read-aloud task in Experiment 5-1. (b) shows the differences
between the vincentiles of the high-cloze and low-cloze conditions (high-cloze RTs subtracted from
low-cloze RTs). The solid line represents the RT differences in the reversal items and the dashed
line represents the differences in the substitution items.

I conducted a statistical analysis in the same way as for the lexical decision task. The

analysis revealed a significant effect of bin (β = 373.58, p < .001). There was also a significant

interaction between cloze and sentence type (β = −19.44, p = .0045), a significant interaction

between condition and bin (β = 40.38, p < .001), and a three-way interaction between cloze,
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sentence type, and bin (β = 43.615, p = .032). I further fitted models separately for reversal

items and substitution items to interpret the interaction between predictability and sentence

type. While cloze had a significant effect in the substitution items (β = 16.04, p = .0022),

it did not significantly affect speech latencies in the reversal items (β = −4.48, p = .37).

These analyses suggest that the locations of the RT distribution were different between the

substitution/high-cloze condition and the substitution/low-cloze (shorter RTs for the high-

cloze condition), but they might not be different between the reversal/high-cloze condition

and the reversal/low-cloze condition. These findings were consistent with the pattern in

which the cloze manipulation shifts the RT distributions of the substitution items, but does

not shift the RT distributions of the reversal items.

The interaction between cloze and bin suggests that the effect of cloze manipulation across

the sentence types increased in the later bins. That is, cloze manipulation affected the tails of

the distributions. Furthermore, the three-way interaction suggests that this increased effect

of cloze manipulation was even larger for the reversal items than the substitution items, as

Figure 48b shows.

5.3.3 Disucssion

In order to assess the impact of argument roles on pre-activation processes, the current study

conducted the lexical decision task and the read-aloud task and assessed pre-activations

for role-appropriate and inappropriate lexical items by distributional analyses of RTs. Pre-

activation contrasts should primarily shift RT distributions, which can be seen as constant

differences across bins in vincentile analyses. This can be isolated from effects on the tails of

RT distributions, which increasingly affect later bins.
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The distributional analyses of RTs showed different patterns between the two experiments.

Vincentile plots in Figure 46 and the statistical analyses for the lexical decision task showed

that the locations of the RT distributions were different between the high-cloze conditions

and the low-cloze conditions, regardless of the sentence type (faster RTs for the high-cloze

conditions). This suggests that the target verbs in the high-cloze condition were more pre-

activated than in the low-cloze condition, not only for the substitution items (e.g., (34))

but also for the reversal items (e.g., (33)). This pattern is compatible with the symmetric

pre-activation hypothesis, where the role-appropriate and inappropriate items have matched

pre-activation.

(33) a. The restaurant owner forgot which customer the waitress had served.

b. The restaurant owner forgot which waitress the customer had served.

(34) a. The superintendent overheard which tenant the landlord had evicted.

b. The superintendent overheard which realtor the landlord had evicted.

Vincentile plots for the read-aloud task in Figure 48 show that RTs for the substitution/high-

cloze condition (e.g., (34a)) were consistently faster than RTs for the substitution/low-cloze

condition (e.g., (34a)) across bins. The statistical test corroborated this pattern. These show

that verbs in the substitution/high-cloze condition were pre-activated more than verbs in

the substitution/low-cloze condition. On the other hand, the same vincentile plots in Figure

48b do not show a consistent contrast across bins between the reversal/high-cloze condition

(e.g., 33a) and the reversal/low-cloze condition (e.g., 33b), but only in the later bins. This

was supported by the statistical analysis. These suggest that role-inappropriate verbs were

pre-activated as strongly as role-appropriate verbs, which is consistent with the symmetric
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pre-activation hypothesis.

There were increasingly slower RTs in the later bins in the reversal/low-cloze condition

compared to the reversal/high-cloze condition. Although this was not the primary focus

of this study, this pattern suggests that post-lexical processes slowed down RTs for the

reversal/low-cloze condition.

Thus the two experiments showed different patterns. The high-cloze vs low-cloze contrast

shifted the RT distributions of the reversal items in the lexical decision task, but not in the

read-aloud task. The lexical decision task suggests that role-appropriate verbs are more

strongly pre-activated than role-inappropriate verbs, but the read-aloud task suggests that

their pre-activations are matched.

Surprisingly slow real-word responses in the lexical decision task suggest that the results

from this task might be misleading, which might explain the mismatch between the tasks.

As Figure 44a shows, the RTs for experimental items, where all targets were real words, were

slower than the RTs for the OSV fillers, where all targets were non-words (pseudo-words).

A post-hoc analysis with a linear mixed-effects model of lexical decision RTs contrasted

real-word responses against non-word responses, and showed that real-word responses were

significantly slower than non-word responses (β = 228.94, p < .001). That is, responses for

real words were on average about 230ms slower than responses for non-words. Such slow

responses for real words in a lexical decision task were unexpected given prior studies, where

responses for real words were about as fast as or faster than responses for pseudo-words (e.g.,

Ratcliff et al., 2004). Such a large delay for the real-word responses might reflect post-lexical

processes associated with the combinatorial representations of the utterance meaning. The

meanings of the real-word targets can be integrated into the utterance meaning representa-
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tions, but it is impossible for the non-word targets. Therefore, the slow real-word responses

in the lexical decision task might have been influenced by post-lexical integrative processes.

If this is the case, the contrasts in the locations of the RT distributions might reflect exactly

the post-lexical processes that I aimed to eliminate in this study.

5.4 Experiment 5-2

In order to address the concerns about the first lexical decision experiment, I conducted

a replication of the lexical decision task that differed from the original study in two ways.

First, there was a deadline for the lexical decision responses. Since post-lexical combinatorial

processes are not required to perform the lexical decision task, imposing a strict deadline

for the responses should decrease the influence of the optional processes. The deadline was

determined based on the latencies of non-word responses in Experiment 5-1. Since people

could not be integrating non-words into the utterance meaning representations, the response

latencies for those responses should not involve post-lexical combinatorial processes. Since

about 75% of the non-word responses in the OSV fillers had RTs shorter than 1000ms, I

assigned a 1000ms deadline in this experiment.

Second, in the comprehension questions, participants rated plausibility by clicking on a

1-7 Likert scale instead of providing binary judgments by pressing keys. This was because

some pilot participants reported that the lexical decision responses were interfered with by the

subsequent comprehension questions in the first experiment. This could have been because

both tasks involved binary decisions and participants used identical keys for the tasks. In

fact, responses in the read-aloud task were much faster compared to the lexical decision

task (Figures 40), presumably because the manner of the tasks was quite different from the
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plausibility judgment task and hence there was minimal interference from the plausibility

judgment task. Therefore, in this experiment, participants rated the plausibility by clicking

on a scale instead of pressing either of two keys in order to confirm that they read the sentences

while minimizing the risk of interference from the comprehension questions. Additionally, I

decreased the number of trials with comprehension questions, as reported in the Methods

section.

5.4.1 Methods

Participants

133 native American English speakers were recruited online in the same way as Experiment

5-1. Participants received monetary compensation. All participants who failed to meet the

deadline in more than 33% of the trials, or who provided inaccurate responses in 33% of trials

were rejected.

It was necessary to exclude a large number of participants due to poor performance and

due to the possibility that there were many submissions from very few participants. 61 out

of 133 participants reported that they are exactly 25 years old. Among those 25-year-old

participants, 49 failed to meet the performance-based criteria, which accounted for 80.3%

of all the 25-year-old participants. On the other hand, only three participants out of the

remaining 72 participants (4.2%) failed to meet the criteria. While those 25-year-old partici-

pants had different IP addresses and IDs in Amazon Mechanical Turk, the large skew in the

age distributions and the performance suggest that most of the submissions by the 25-year-

old participants were from a single person or very few people who did not perform the task

appropriately. Since there were still more 25-year-old participants compared to other ages
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even after excluding the submissions with poor performance, I excluded all 61 25-year-old

participants from this study. Additionally, five participants were excluded for poor perfor-

mance in the comprehension questions in the filler items in the way described below. This

left 64 participants (31 females and 33 males; average age = 41.5) for analyses.

Materials

The stimuli were identical to the lexical decision task in Experiment 5-1.

Procedure

The task was conducted in basically the same way as the lexical decision task in Experiment

5-1. However, there was a one-second deadline to make the lexical decision after the target

word or non-word was presented. The target was presented on the screen for one second and

the deadline was indicated by the disappearance of the target. Participants were instructed

to produce responses as quickly as possible within the deadline. A blank screen was presented

for 500ms, following the deadline. 50% of the trials with real word targets were followed by a

comprehension question, where participants provided a response by clicking on a 1-7 Likert

scale. This accounted for 25% of all the trials. The proportion was intentionally reduced

compared to the previous lexical decision experiment where there were comprehension ques-

tions following 37.5% of the trials. The proportion was reduced in order to reduce the risk

of interference from the comprehension questions.

Exclusion

I only included participants whose average rating for the plausible filler items was higher by
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at least 1 point than the average rating for the implausible filler items. Five participants

were excluded due to this criterion. Among the trials where the remaining 64 participants

provided responses, trials with reaction times longer than 1200ms were excluded from all

analyses. Note that responses produced within 200ms after the one-second deadline were

used for the RT distributional analyses to preserve the tails of the distributions. 0.9% of lex-

ical decision responses in the reversal and substitution items were removed by this process,

leaving 3747 trials for analyses.

Data analysis

The RT data were analyzed in the same as the lexical decision task of Experiment 5-1. There

were on average 15.1 observations in the lexical decision task for each experimental item for

each condition.

5.4.2 Results

Comprehension questions

The ratings for comprehension questions are summarized in Table 2. While there seems to be

a bias towards plausible judgments in either sentence type (reversal or substitution), partic-

ipants showed a clear preference for the plausible conditions over the implausible conditions.

Cloze High-cloze Low-cloze
Reversal 6.49 3.53
Substitution 6.53 4.01
Fillers 6.65 2.72

Table 14: The plausibility rating of the experimental items in Experiment 5-2. Participants rated
the sentences on a 1-7 Likert scale.

Lexical decision task
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The accuracy of the lexical decision tasks in the experimental items is summarized in Table

13. The overall accuracy across experimental and filler items was 97.6%.

Cloze High-cloze Low-cloze
Reversal 97.4% 97.0%
Substitution 97.3% 96.6%

Table 15: The accuracy of the lexical decision task in Experiment 5-2.

Non-distributional analysis

Inaccurate responses and responses produced after the one-second deadline were removed

from the non-distributional analyses of RTs. This process left 3559 trials. The RTs for

the accurate lexical responses are shown in Figure 49. A linear mixed-effects model of RTs

revealed a significant effect of cloze (β = 18.56, p < .001) but no significant effect of sentence

type (β = −5.28, p = .40) and no interaction between the two effects (β = −5.93, p = .37).

Additionally, I contrasted the RTs for experimental items, where all the targets were real

words, and the OSV fillers, where all the targets were non-words. The aim was to confirm

that lexical decision latencies for readl-word targets were not delayed as significantly as was

seen in the first experiment. A linear mixed-effects model showed that real-word responses

were significantly slower than non-word responses (β = 28.43, p < .001). However, the co-

efficient was small compared to the same analysis conducted for the lexical decision task in

Experiment 5-1 (β = 228.94).

Distributional analysis

For the RT distributional analyses I included the responses that were produced after the

deadline but were produced within 200ms following the deadline for the RT distributional

analyses. Excluding inaccurate responses, there were 3639 lexical decision responses for
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Figure 49: RTs of the experimental items (reversal and substitution) and the OSV fillers in the
lexical decision task of Experiment 5-2. Error bars represent by-participants standard errors.

analyses. The RT distribution for each condition and each stimuli type is plotted in Figure

50.

(a) Reversal (b) Substitution

Figure 50: RT distributions for the experimental items with accurate responses in the lexical
decision task in Experiment 5-2.

The vincentiles are plotted in Figure 51a and the difference between the high-cloze and

low-cloze conditions are plotted in Figure 51b.

A linear mixed-effects model of RTs revealed a significant effect of cloze (β = 16.25, p <

.001), bin (β = 262.95, p < .001), and an interaction between the two factors (β = 17.74, p =
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(a) Vincentile plots (b) Difference plots

Figure 51: Vincentile plots of the lexical decision task in Experiment 5-2. (b) shows the differences
between the vincentiles of the original distribution (blue dots/lines in (a)) and the vincentiles of
the modified distributions (orange and green dots/lines in (a)). Error bars represent the by-context
standard errors.

.042). Other effects were not significant. This suggests that the locations of the RT distribu-

tions in the high-cloze condition are different from those of the low-cloze condition collapsing

across the stimuli types (reversal vs substitution). The interaction between cloze and bin

shows that this difference became greater in the slower bins. This suggests that the tails were

also affected by the cloze manipulation. There was no evidence suggesting that the location

or tail contrasts between the high-cloze and low-cloze conditions were different between the

reversal and substitution items.

5.4.3 Discussion

This study aimed to conduct a lexical decision task similar to Experiment 5-1 but with

reduced influence from post-lexical processes. In order to achieve this goal, participants

were asked to provide responses within a one-second deadline. Additionally, the plausibility

judgment in the comprehension questions in this experiment was collected by clicking on a

Likert scale so that there was minimal risk of interference on the lexical decision task from
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the comprehension questions.

The manipulations appear to have successfully reduced the involvement of post-lexical

processes. One concern about the first lexical decision study is that the lexical decision

responses for words in the experimental items were much slower than the responses for non-

words in the OSV fillers, by about 200ms in Experiment 5-1. Such slower responses for words

in the lexical decision task were unexpected since typically responses for words are faster than

or about as fast as pseudo-word responses (e.g., Ratcliff et al., 2004). In Experiment 5-2, the

RTs for the same experimental items and the same filler items were only different by 28ms,

although the non-word responses were still faster.

The distributional analyses of RTs showed similar patterns as the lexical decision task

in Experiment 1. As illustrated in the vincentile plots (Figure 51), the locations of the RT

distributions of the high-cloze and low-cloze conditions were different both for the substitution

items and the reversal items. There was no evidence for a difference between the substitution

and reversal items. This suggests that role-appropriate verbs are pre-activated more strongly

compared to role-inappropriate verbs.

5.5 General discussion

This chapter aimed to examine the pre-activation for role-appropriate and inappropriate can-

didates in argument role reversals. Findings from EEG studies using the N400 component

(EEG study in Chapter 2; Kolk et al., 2003; Kuperberg et al., 2003; Hoeks et al., 2004;

Kim & Osterhout, 2005; Oishi & Tsutomu, 2010; Chow, Smith, et al., 2016; Chow et al.,

2018; Liao et al., 2022) as well as some eye-tracking studies (Kukona et al., 2011; Burnsky,

2022) have been taken to suggest that role-inappropriate candidates are pre-activated to a
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similar extent to role-appropriate candidates, at least temporarily (symmetric pre-activation

hypothesis). On the other hand, the speeded cloze study in Chapter 3 suggested that there is

early sensitivity to argument roles, leading to large contrasts between the pre-activations of

role-appropriate and inappropriate candidates (asymmetric pre-activation hypothesis). The

mismatch between the pre-activation measures could be explained if measures showing sen-

sitivity to argument roles in fact reflect post-lexical combinatorial processes. For example,

as I proposed in Chapter 3, close measures might show sensitivity to argument roles because

of a monitoring mechanism. Even when role-inappropriate candidates are pre-activated as

strongly as role-appropriate candidates, the monitoring mechanism might detect the implau-

sibility caused by the role-inappropriate candidates and inhibit them. Alternatively, the

mismatch might also be explained if measures showing insensitivity to argument roles in fact

reflect post-lexical combinatorial processes. For example, N400 might reflect the detection of

semantic anomalies in the utterance representations as some researchers have argued (e.g.,

Kolk et al., 2003).

The current studies aimed to address the symmetric pre-activation hypothesis and the

asymmetric pre-activation hypothesis by eliminating the influence of post-lexical processes, in

order to obtain more direct evidence for either hypothesis. I conducted a lexical decision task

and a read-aloud task. Neither of these tasks requires post-lexical processes to perform the

task. Furthermore, I conducted distributional analyses of RTs in the tasks, in a further effort

to dissociate the effect of pre-activation and post-lexical combinatorial processes. Differences

in pre-activation should shift the locations of the RT distributions, as the lexical access

processes should primarily affect basically all the trials. Such shifts in RT distributions can

be observed as early and constant differences across bins (orange plots in Figure 42b). On
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the other hand, differences in post-lexical processes should influence only the tails, because

those processes should more strongly influence a subset of responses. This can be seen as no

contrast in the fast bins but increasingly large contrasts in the slower bins (green plots in

Figure 42b).

The lexical decision task and the read-aloud task in Experiments 5-1 and 5-2 showed clear

parallelism in the substitution items. In both tasks, the substitution/high-cloze condition

showed consistently short RTs from fast bins compared to the substitution/low-cloze condi-

tion. Hence the locations of RT distributions were not matched for the high and low-cloze

conditions. This shows that the target verbs in the high-cloze condition were pre-activated

more strongly compared to the target verbs in the low-cloze condition for the substitution

items.

On the other hand, the two tasks did align with each other in the reversal items. In

the read-aloud task, role-appropriate verbs in the reversal/high-cloze condition and role-

inappropriate verbs in the reversal/low-cloze condition had matched RTs in the fast bins but

increasingly large contrasts in the slower bins. Hence, the locations of their RT distributions

were matched while the tails were not. The matched locations of RT distributions suggest

that role-appropriate and inappropriate candidates have matched pre-activations. The results

from the read-aloud task are consistent with Chow, Smith, et al., 2016’s Experiment 1, which

the stimuli of this study were taken from. Chow, Smith, et al. found N400 contrasts in the

substitution items but not in the reverse items.

The lexical decision tasks in Experiments 5-1 and 5-2 consistently showed that role-

appropriate verbs are produced faster than role-inappropriate verbs constantly from the

fastest bins. Hence, the locations of the RT distributions were not matched for role-appropriate
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and inappropriate verbs. This suggests that role-appropriate verbs are more strongly pre-

activated compared to role-inappropriate verbs. The findings from the lexical decision tasks

are more consistent with the speeded cloze task, where cloze responses show early sensitivity

to argument roles.

What could have caused the discrepancy between the lexical decision task and the read-

aloud task? In accounting for the mismatch between the tasks, it is important to highlight

that the lexical decision task and the read-aloud task both agree that the high-cloze/substitution

items and the low-cloze/substitution items do not have matched locations for their RTs.

Hence both tasks suggest that pre-activations of the target verbs are not matched for these

conditions. Therefore the cause of the discrepancy between the tasks must address a mis-

match that is specific to the reversal items but not for the substitution items.

One simple explanation for the mismatch is that each task failed to show the effects

that were found in the other task due to low statistical power. In fact, the visual pattern

in the lexical decision tasks in Experiments 5-1 and 5-2 (Figures 46 and 51) suggest that

the contrasts between the high-cloze and low-cloze condition of the reversal items might be

smaller compared to the contrasts in the substitution items, although there was no support

from the statistical analyses. However, it is somewhat unlikely that the lexical decision

tasks in the two experiments consistently failed to find the contrast between the reversal and

substitution items, although it is still possible.

Alternatively, the two tasks might have possibly eliminated the influence of post-lexical

processes to different extents. Some researchers argue that lexical decision tasks are inher-

ently more susceptible to post-lexical processes compared to read-aloud tasks (Seidenberg et

al., 1984). If this is the case, post-lexical processes might influence most responses in the
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lexical decision task and might shift the locations of RT distributions.

This chapter aimed to directly address the symmetric pre-activation hypothesis and the

asymmetric pre-activation hypothesis, using two tasks and RT distributional analyses to iso-

late the effects of pre-activation from the effects of post-lexical processes. The different tasks

yielded mismatching findings. The read-aloud task showed patterns consistent with EEG

studies and suggests that role-appropriate and inappropriate candidates are activated sim-

ilarly. On the other hand, the lexical decision tasks showed different patterns and suggest

that role-appropriate and inappropriate candidates are pre-activated differently. Although

the apparently conflicting findings require further investigation, the current studies suggest

that the contribution of pre-activation and post-lexical combinatorial processes can be dis-

entangled by distributional analyses of RTs.
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6 The influence of role-inappropriate competitors on

pre-activation

In Chapter 4, I explored the impact of role-inappropriate competitors (lures) on role-appropriate

candidates through speeded cloze tasks. I demonstrated that contexts with stronger lures

have longer role-appropriate RTs and I argued that this was because the strong role-inappropriate

candidates inhibited the role-appropriate candidates. In this chapter, I turn to the potential

impacts of role-appropriate competitors on role-inappropriate candidates.

Interestingly, there is a case where the presence of strong role-inappropriate competitors

might influence role-sensitivity of pre-activation processes. Ehrenhofer et al. (2019) found

N400 contrasts between role-appropriate and inappropriate verbs using stimuli such as (35)

and (36). This is inconsistent with many other studies on argument role reversals using EEG

and the N400 component (Kolk et al., 2003; Kuperberg et al., 2003; Hoeks et al., 2004; Kim

& Osterhout, 2005; Oishi & Tsutomu, 2010; Chow, Smith, et al., 2016; Chow et al., 2018;

Liao et al., 2022) or eye-tracking measures (Kukona et al., 2011; Burnsky, 2022). Ehrenhofer

et al. also conducted an experiment where participans were presented with both Ehrenhofer

et al.’s stimuli and the stimuli from a prior EEG study (Chow, Smith, et al., 2016), and

Ehrenhofer et al.’s stimuli still elicited N400 effects whereas Chow, Smith, et al.’s stimuli did

not.

Thus the N400 effects in Ehrenhofer et al.’s experiment could be attributed to the prop-

erties of the stimuli. Ehrenhofer et al.’s stimulus set was in fact unique in that contexts

with both word orders were paired with highly predictable role-appropriate verbs (ridden in

(35a) and gored in (36a)). Thus the role-inappropriate verbs in the argument role reversal
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sentences ((35b) and (36b)) might be competing with strong role-appropriate competitors.

Although the exact factor that contributed to the N400 effects in Ehrenhofer et al. (2019) is

still unknown, the presence of such a strong role-appropriate competitor might have resulted

in reduced pre-activation of the role-inappropriate verb, resulting in the N400 effects.

(35) a. The cattle rancher remembered which bull the cowboy had ridden out on the

range.

b. The cattle rancher remembered which cowboy the bull had ridden out on the

range.

(36) a. The cattle rancher remembered which cowboy the bull had gored out on the

range.

b. The cattle rancher remembered which bull the cowboy had gored out on the

range.

In this Chapter, I analyze speeded cloze data of both Chow, Smith, et al. (2016) and

Ehrenhofer et al. (2019)’s stimuli collected in Chapter 4. I demonstrate that speeded cloze

measures in fact provide evidence for stronger role-appropriate competitors in Ehrenhofer

et al. than in Chow, Smith, et al.. I argue that such effects of stronger role-appropriate

competitors are inconsistent with the asymmetric pre-activation hypothesis. On the other

hand, I propose that the N400 effects in Ehrenhofer et al. (2019) can be explained by the

sigmoid-shaped lateral inhibition and partial role-sensitivity in pre-activation mechanisms

under the symmetric pre-activation hypothesis.
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6.1 Ehrenhofer et al. (2019)

Ehrenhofer, Lau, and Phillips (2019) (henceforth ELP) used stimuli such as (35) and (36)

in their EEG studies. The target verbs were high-cloze continuations for contexts with

one word order and low-cloze continuations for contexts with the other word order. For

example, in (35), ridden is a role-appropriate verb for (35a) but it is inappropriate for (35b).

Importantly, their study was different from other prior studies in that there were two target

verbs for each pair, and the verbs were appropriate in different sentences (e.g., ridden for

(35a) and gored for (36a)). Therefore, there were two contexts and each of them was paired

with a role-appropriate verb and a role-inappropriate verb. The target verbs were matched

in offline cloze probabilities both as role-appropriate continuations and as role-inappropriate

continuations. These stimuli were different from stimuli used in other prior studies such as

(37), where researchers were not concerned with what role-appropriate verbs for (37b) would

be.

(37) a. The old widower remembered which villager the ghost had haunted for many

years.

b. The old widower remembered which ghost the villager had haunted for many

years.

In Experiment 1, ELP presented these stimuli and unexpectedly found N400 contrasts

between the sentences with role-appropriate verbs ((35a) and (36a)) and those with role-

inappropriate verbs ((35b) and (36b)). These findings stand in contrast with the many other

EEG studies that did not find contrasts between N400 amplitudes for role-appropriate and

inappropriate verbs (e.g., (37a) and (37b)). Subsequently, in Experiment 2, ELP replicated
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their findings from Experiment 1 as well as those from other prior studies. ELP took stimuli

from Chow, Smith, Lau, and Phillips (2016)’s Experiment 1 (CSLP) such as (37), where no

N400 effects were found for argument role reversals, and presented those stimuli together with

their own stimuli such as (35) to the same participants in the same experiment. Henceforth,

I will refer to the contexts where the target verbs were appropriate as the “canonical” items

((35a), (37a)) and those where the target verbs were inappropriate as the “reversed” items

((35b), (37b)). Ehrenhofer et al. found that there were N400 contrasts between the canonical

and reversed item in ELP’s stimuli but no such contrasts in CSLP’s stimuli,

In order to identify the sources of the contrasts between the stimuli sets, ELP compared

their stimuli with CSLP’s stimuli in post-hoc analyses. In the offline cloze experiments, ELP

did not find large contrasts in the cloze probabilities of the target verbs between the two sets

of stimuli. The cloze probabilities were 28% in the canonical items and 1.1% in the reversed

items for ELP’s stimuli used in their Experiment 2, and 28% in the canonical items and 0.4%

in the reversed items in CSLP’s stimuli. There was no contrast in the entropies of the cloze

responses either. The canonical and reversed contexts seemed to be equally constraining in

CSLP and ELP, according to the offline cloze probability measures.

However, ELP’s post-hoc analyses used offline cloze data, but speeded cloze data may

reveal contrasts between the two stimulus sets that the offline cloze measures fail to capture.

As shown in Chapter 2, cloze RTs can reveal some aspects of pre-activation that cloze prob-

abilities cannot reveal. For example, while cloze entropies better reflect the dominance of a

lexical candidate, mean RTs of cloze responses reveal the availability of lexical candidates.

Even though ELP did not find contrasts in cloze entropy in CSLP and ELP, suggesting

that there were equally dominant candidates, there could be contrasts in the availability of
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role-appropriate candidates between the two stimulus sets, which is better reflected in cloze

RTs.

6.2 Analyses of speeded cloze data contrasting CSLP and ELP

In order to examine the difference between CSLP and ELP’s stimulus sets, I analyzed the

speeded cloze data collected for these stimuli in Chapter 4. The details of the experiments are

described in Sections 4.1 and 4.2. Those speeded cloze data were from two experiments with

different sets of subjects and slightly different instructions. However, as I demonstrated in

Chapter 4, participants responded very similarly to the common filler items shared between

the two experiments. Therefore, the difference in the participants or instructions should have

minimal effects on the results of the experiments.

Here I focus on ELP’s Experiment 2, where ELP’s stimuli were directly compared against

CSLP’s stimuli within a single experiment. In Experiment 2, ELP used 54 experimental

items from each of the original sets of stimuli in CSLP and in Experiment 1 of ELP, instead

of using the full 60 items from each set. Since it was not clear which items were removed from

the original sets in ELP’s Experiment 2, I analyzed all the stimuli from each experiment,

excluding 4 experimental items that appeared in both experiments.

As mentioned above, ELP paired both canonical and reversed items with role-appropriate

verbs that have high cloze probability. ELP also ensured that those verbs were role-inappropriate

and had low cloze probabilities with the alternative word order. While ELP fully crossed the

stimulus type (canonical or reversed) and the appropriateness of the verbs in Experiment 1

(e.g., using four sentences in (35) and (36)), they selected one pair of role-appropriate and

inappropriate sentences with the same target verb from each set of four items (e.g., just using
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(35) but not (36)).

I compared the target verb cloze probabilities, the modal cloze probabilities, the cloze

entropies, and the mean RTs of all role-appropriate responses. I obtained those measures

from the canonical and reversed items from each stimulus set. All the analyses reported

below used linear mixed-effects models of one of the cloze measures. The models had context

type (canonical and reversed; coded as -0.5 and 0.5), stimulus set (CSLP and ELP; coded as

-0.5 and 0.5), and the interaction between the two factors as predictors. The models included

the random intercept of context.

It should be noted that the cloze probabilities are calculated differently in my speeded

cloze studies and the offline cloze studies in ELP. While I directly used the responses from

participants, synonymous responses were collapsed and counted as the same responses in

ELP.

6.2.1 Target probability

First, I analyzed the cloze probabilities of the high-cloze target items in each set of stimuli.

For example, the cloze probabilities for haunted in (37) and for ridden in (35). The target

cloze probabilities of each set of stimuli are plotted in Figure 52. On average, the target cloze

probabilities for CSLP’s canonical stimuli and reversed stimuli were 21.0% and 5.8%. On

the other hand, they were 32.9% in the canonical word order and 4.0% in the reversed word

order in ELP’s stimuli. A linear fixed-effects model revealed significant effects of context type

(β = −0.22, p < .001), stimulus set (β = 0.069, p = .0030), and the interaction between the

two (β = −0.10, p = .0016). Target items were produced more frequently in the canonical

items of ELP compared to the canonical items of CSLP. This could be revealing the choice of

186



the stimulus in ELP’s Experiment 2, because some items with high-cloze target items were

removed in this experiment in order to match the target cloze probabilities with the target

cloze probabilities of CSLP.

Figure 52: The target cloze probability in each stimulus set. The error bars indicate by-item
standard errors.

6.2.2 Modal cloze probability

The modal cloze probabilities in each condition in each stimulus set are plotted in Figure 53.

Visually, the canonical items seem to have greater modal cloze probabilities compared to the

reversed stimuli, and the ELP items seem to have greater modal cloze probabilities compared

to the CSLP items. A linear-mixed effect model of entropy revealed a significant effect of

context type (β = −0.065, p = .0030) and stimulus set (β = 0.048, p = .031), but there was

no significant interaction between condition and stimulus set (β = −0.037, p = .39). This

confirmed the pattern seen in Figure 53.
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Figure 53: The modal cloze probability in the experimental items in each condition in each
stimulus set. The error bars indicate by-item standard errors.

6.2.3 Entropy

The entropy of cloze responses was calculated for each item in the CSLP and ELP. The

mean entropy for each condition for each stimulus set is plotted in Figure 54. Visually, the

canonical items seem to have lower entropy compared to the reversed stimuli, and the ELP

items seem to have lower entropy compared to the CSLP items. A linear-mixed effect model

of entropy revealed a significant effect of context type (β = 0.16, p = .0088) and stimulus set

(β = −0.16, p = .029). There was no significant interaction between condition and stimulus

set (β = 0.027, p = .029). This confirmed the pattern seen in Figure 54. There was no

evidence showing that the contrast between the canonical and reversed items was different

between the stimulus sets.

6.2.4 Mean role-appropriate RTs

The mean role-appropriate RTs in each condition in each stimulus set are plotted in Figure 55.

Visually, the canonical items seem to have shorter mean RTs for role-appropriate responses
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Figure 54: The entropy of the cloze responses in each condition in each stimulus set. The error
bars indicate by-item standard errors.

compared to the reversed stimuli, and the ELP items seem to have shorter RTs compared

to the CSLP items. A linear-mixed effect model of mean role-appropriate RTs revealed a

significant effect of condition (β = 106.71, p < .001) and stimulus set (β = −75.84, p = .0015),

but no significant interaction between condition and stimulus set (β = 48.63, p = .30). This

confirmed the pattern seen in Figure 55.

Figure 55: The mean role-appropriate RTs in the experimental items in each condition in each
stimulus set. The error bars indicate by-item standard errors.
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6.2.5 Discussion

ELP’s analyses of offline cloze measures did not provide evidence for the key differences

between the stimulus set of CSLP and ELP that can account for the presence/absence of

N400 effects in the two experiments. However, the speeded cloze data suggest that the

stimuli of CSLP and ELP were indeed different. Especially the contrasts in the mean role-

appropriate RTs suggest that there were stronger role-appropriate candidates available in

both the canonical and reversed items in ELP compared with CSLP.

Thus the stimuli were different from each other in at least these two aspects. First,

ELP had stronger verbs appropriate in the canonical contexts. For example, ride in (39)

was stronger than haunt in (38), and hence more strongly pre-activated. Second, ELP had

stronger verbs appropriate in the reversed contexts. For example, gore in (39) were more

strongly pre-activated than witness in (38).

(38) a. The old widower remembered which villager the ghost had haunted for many

years.

b. The old widower remembered which ghost the villager had haunted for many

years.

(39) a. The cattle rancher remembered which bull the cowboy had ridden out on the

range.

b. The cattle rancher remembered which cowboy the bull had ridden out on the

range.

The current study does not provide direct evidence for how these two factors contribute

to the results, but prior evidence suggests that the strengths of verbs that are appropriate
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for canonical contexts (gore vs haunt) are less important compared to the strengths of verbs

that are appropriate in the reversed contexts (ride vs witness). Chow et al. (2018) showed in

one of their EEG experiments in Mandarin Chinese that verbs that are highly likely in the

canonical contexts (88% offline cloze probability on average) did not show N400 contrasts

between the canonical and reversed contexts, just like CSLP. This study only used offline

cloze data, but these high-cloze verbs should be strong candidates. Therefore, the presence

of strong role-appropriate candidates in the canonical condition (e.g., ride for (39a) vs haunt

for (38a)) itself is unlikely to explain the presence of N400 contrasts in ELP. Instead, the

availability of the role-appropriate candidates in the reversed contexts (e.g., gore for (39b)

vs witness for (38b)) seems to be more important for the contrast between CSLP and ELP.

Importantly, these role-appropriate candidates in the reversed contexts such as gore or

witness were not presented in ELP’s Experiment 2. Even though participants could have

predicted them in the reversed condition, they were only presented with role-inappropriate

candidates such as ride or haunt. Therefore, the presence of N400 effects in ELP seems to

be driven by candidates that were not presented in the experiment.

6.3 Possible accounts of CSLP and ELP findings

The analyses of the speeded cloze data suggest that the presence of strong role-appropriate

competitors in ELP resulted in N400 effects. In this section, I explore the implications of this

finding on the pre-activation processes. I first argue that the presence of N400 effects in ELP

is inconsistent with the asymmetric pre-activation for role-appropriate candidates and role-

inappropriate candidates, since the unshown competitors should not affect N400 amplitudes

under this hypothesis. Furthermore, I also argue that the symmetric pre-activation hypoth-
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esis and lateral inhibition cannot straightforwardly explain the contrasts between CSLP and

ELP as well. However, I propose that an additional assumption of slight role-sensitivity in

pre-activation can explain the N400 effects found in ELP.

6.3.1 Difficulties of the asymmetric pre-activation hypothesis

The presence of N400 effects in ELP is inconsistent with the asymmetric pre-activation hy-

pothesis, because it questions the interpretation of the N400 component of the asymmetric

pre-activation hypothesis. Under the asymmetric pre-activation hypothesis, pre-activation

processes are role-sensitive and role-appropriate candidates are pre-activated more strongly

compared to role-inappropriate candidates. As I discussed in Chapter 3, under this hy-

pothesis N400 amplitudes show no sensitivity in many prior studies despite the contrast in

pre-activation and hence it has to attribute N400 effects to post-lexical processes. For ex-

ample, some researchers have argued that N400 amplitudes reflect the detection of semantic

anomalies, and the absence of N400 effects in argument role reversals shows heuristic seman-

tic processing that ignores the argument roles (e.g. Kim & Osterhout, 2005). For example,

comprehenders might heuristically interpret (38b) as (38a).

However, it is difficult for such post-lexical interpretations of the N400 component to

account for the influence of the unshown alternatives. As discussed above, the presence of

role-reversal N400 effects in ELP seemed to be mostly driven by candidates such as gore that

are not presented but would have been appropriate for the reversed contexts. If the absence

of N400 effects in typical argument role reversal studies reflects semantic anomaly caused by

role-inappropriate lexical items such as ride, unshown candidates (gore) should not be able

to modify N400 effects.
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6.3.2 Constraints on the symmetric pre-activation hypothesis

How can the symmetric pre-activation hypothesis account for the N400 effects found in

ELP, presumably caused by unshown role-appropriate competitors? Lateral inhibition was

one mechanism that I introduced in order to account for the effect of competitors. As I

demonstrated in Chapter 4, lateral inhibition can explain how unspoken competitors influence

the latency of responses in the speeded cloze task. The role-appropriate candidates competing

with strong role-inappropriate candidates are inhibited by the role-inappropriate candidates,

and as a result, the role-appropriate candidates are produced with longer RTs.

However, mere lateral inhibition cannot explain the N400 effects in ELP because ELP

compares the same verb competing with the same competitors, whereas Chapter 4 com-

pared different candidates competing with different competitors. If lexical candidates are

pre-activated regardless of the roles as the symmetric pre-activation hypothesis posits, the

same set of lexical candidates should be pre-activated to the same levels of activation in

the canonical and reversed contexts. Therefore, both the target verbs and their competitors

must have identical levels of pre-activation across the conditions in ELP. Then the target

verbs should receive the same amount of inhibition in the canonical and reversed conditions.

For example, a role-appropriate candidate gore for (39b) might inhibit role-inappropriate ride

strongly, but at the same time role-inappropriate gore for (39a) must inhibit role-appropriate

ride as strongly (Figure 56). The N400 amplitudes for the target verbs in the canonical condi-

tion must be identical to the N400 amplitudes for the target verbs in the reversed condition,

reflecting the matched pre-activation levels and matched lateral inhibition from the competi-

tors. Hence, mere lateral inhibition would not explain the contrasts in the N400 amplitudes
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(a) Canonical condition (b) Reversed condition

Figure 56: Hypothetical pre-activation of the target verb ride in a stimulus in ELP (39) under the
symmetric pre-activation hypothesis. Role-appropriate candidates are indicated by black lines and
font color whereas role-inappropriate candidates are shown with red. The activation levels of gore
are the same across conditions and hence the target verb ride receives the same amount of lateral
inhibition. Dashed lines represent hypothetical activation patterns of the target verb without lateral
inhibition.

between the target verbs in the canonical and reversed conditions.

In order to account for the lack of N400 effects in CSLP and the presence of N400

effects in ELP, I propose that there is partial role-sensitivity in pre-activation mechanisms.

Role-appropriate candidates are slightly more pre-activated compared to role-inappropriate

candidates. Combining this new proposal and the sigmoid lateral inhibition proposed earlier

in Chapter 2, I argue that N400 effects in ELP arise from greater inhibition on the target

verbs in the reversed condition compared to the canonical condition.

I propose that role-appropriate candidates are slightly more strongly pre-activated com-

pared to role-inappropriate candidates. The difference in pre-activation levels is not large

enough to elicit significant N400 effects, but the contrast between role-appropriate and in-

appropriate candidates can be exaggerated by lateral inhibition. In the reversed condition

of ELP, role-appropriate gore in the reversed condition is strongly pre-activated compared
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to role-inappropriate gore in the canonical condition. Therefore, the target verb ride is more

strongly inhibited in the reversed condition than in the canonical condition. This contrasts

in the pre-activation levels of ride results in N400 contrasts found in ELP.

Similarly, in CSLP, role-appropriate witness in the reversed condition is slightly more

strongly pre-activated compared with role-inappropriate witness in the canonical condition.

However, the higher levels of pre-activation for the competitors in the reversed condition

do not result in significantly stronger inhibition on the target haunt due to the sigmoid

inhibition function introduced in Chapter 2 (Figure 57). If the amount of lateral inhibition

is determined by the sigmoid inhibition function, additional pre-activation for minimally-

activated candidates does not result in greater inhibition (left side of Figure 57). Therefore,

the contrasts in the pre-activation levels target verbs such as haunt is smaller than the target

verbs in ELP and therefore do not yield N400 effects found in CSLP.

Figure 57: The function of the amount of inhibition each item imposes on its competitors intro-
duced in Chapter 2.

This sigmoid inhibition was independently proposed and supported by Chen and Mirman

(2012). They found a pattern across lexical access tasks and modalities that responses for

target lexical items are slow when they have many phonologically or semantically associated
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lexical items (“neighbors”) that are strongly activated. On the other hand, responses for

target lexical items with many weakly activated neighbors were faster. They argued that a

sigmoid lateral inhibition function can successfully explain this pattern. In their account,

neighbors mutually activate each other because their activation spread to each other via

shared semantic or phonological representations. At the same time, they inhibit each other via

lateral inhibition. With a sigmoid lateral inhibition function, weakly activated neighbors only

very weakly inhibit the competitors. In this case, spreading activation from weakly activated

neighbors to the target lexical items are greater than the inhibition from the neighbors.

Therefore, weakly activated neighbors facilitate responses for the target items. On the other

hand, the sigmoid lateral inhibition from strongly activated neighbors is stronger than the

spreading activation, and hence strongly activated neighbors slow down responses for the

target items.

There is another possible account in the literature proposed by Kuperberg (2016). Under

this account, people decide whether or not to use argument roles to pre-activate lexical items

depending on the availability of role-appropriate candidates. Comprehenders use argument

roles for lexical prediction when there are strong role-appropriate candidates (e.g., gore in

the reversed condition), and hence there are N400 effects found in ELP. On the other hand,

comprehenders do not use argument roles when such strong role-appropriate candidates are

absent in the reversed condition of CSLP, resulting in the lack of N400 effects.

In Kuperberg’s probabilistic model, people generate expectations about the likely contin-

uations based on multiple cues, such as the full combination of arguments and roles {villager-

agent, ghost-patient} or just the pair of the arguments without roles {villager, ghost} 6 . In
6Note that this is a much-simplified explanation of Kuperberg’s account. Kuperberg’s model is a hierar-
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CSLP’s reversed condition, the full set of {villager-agent, ghost-patient} does not yield any

dominant candidate, and hence the predictions are not constraining. However, the pair of

{ghost, villager} might yield more constraining predictions where haunt is dominant. In

such a situation, people deem the cues that yield more constraining predictions (the argu-

ment pair without roles) to be more “reliable” as a cue, and hence only rely on them. The

reliability of cues is different in ELP stimuli. In the reversed condition of ELP, {bull-agent,

cowboy-patient} already yields a dominant candidate gore. On the other hand, the role-less

combination of {cowboy, bull} may yield less constraining predictions including both gore

and ride as salient candidates. In such cases, people deem the combinations of arguments

and roles to be more reliable. As a result, people use the combinations of arguments and

their roles to generate predictions, and hence gore is strongly pre-activated but ride is not.

Thus, Kuperberg’s account maintains that the presence of a strong role-appropriate candidate

blocks the role-insensitive predictions, resulting in N400 effects. This account successfully

predicts the contrast in N400 effects in CSLP and ELP.

However, in order to identify the most reliable set of cues as Kuperberg argies, compre-

henders must generate multiple possible pre-activation patterns generated by different sets of

cues and compare them. Given a number of the types of potentially useful cues, it seems to be

computationally highly costly to generate and compare multiple sets of pre-activation using

each combination of the cues. Additionally, Kuperberg’s account has difficulty in explaining

the lack of N400 effects in the Japanese EEG experiment in Chapter 3. Since the contexts

were as simple as just a single case-marked noun phrase (e.g., bee-nom), it is unlikely that

chical generative model, and comprehenders generate expectations about high levels of representations, such
as messages. Then the expectations about messages influence expectations about the lower levels, such as
upcoming lexical items.

197



just a single noun phrase ignoring the case maker would result in more constraining predic-

tions (also see Chapter 3).

In this Chapter, I examined the influence of role-appropriate competitors by contrasting

two studies, CSLP and ELP. Despite the robust findings in EEG studies showing the lack of

N400 effects in argument role reversals, which was corroborated by CSLP, ELP found N400

effects for argument role reversals. The current analyses of the speeded cloze data addressed

what differences in the stimuli caused the N400 effects only in ELP, and showed that there are

strong role-appropriate candidates available in the reversed condition in ELP but not in the

same condition in CSLP. Although the asymmetric pre-activation hypothesis has difficulties

in accounting for such effects of unshown role-appropriate candidates in EEG studies, the

symmetric pre-activation hypothesis might be able to account for the N400 effects in ELP

by small role-sensitivity and the sigmoid lateral inhibition function.
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7 Synthesis of the findings

In this thesis, I have investigated the competitive dynamics of lexical prediction mechanisms.

I used the Simple Activation Model as a working model, which consists of the pre-activation

mechanisms that map contextual information and knowledge to lexical pre-activation, and the

theories of measures that map lexical pre-activation onto observable experimental measures.

The investigation of the linking hypotheses of cloze measures and the studies on the role-

(in)sensitivity of pre-activation processes provided substantial insights into the predictive

processes. In this chapter, I first present a summary of the findings from each study in

this thesis, and subsequently synthesize the findings regarding how they update the Simple

Activation Model.

7.1 Summary of the thesis

In Chapter 2, I examined the Race model (Staub, 2011), which is a linking hypothesis for

the speeded cloze task. Under the model, cloze responses are the first lexical candidates

whose pre-activations reach a threshold before their competitors (i.e. winners of “races”).

I demonstrated that although the original model can capture the basic relation between

cloze probabilities and response times, it struggles to capture the steep slope of this relation,

i.e., rare responses are produced more slowly than the model predicts. I demonstrated that

lateral inhibition between lexical candidates, while maintaining other assumptions about the

race, enables such slow wins. Subsequently, by analyzing simulated cloze data, I examined

which cloze measures reflect which aspects of the pre-activation mechanisms. The analyses

showed that cloze RTs mainly reflect the strength of lexical candidates (i.e., average rates of

199



pre-activation) while cloze probabilities better reflect the levels of pre-activation. Moreover,

the mean cloze RTs for a context reveal the availability of candidates while the modal cloze

probabilities or the entropies show how dominant one candidate is.

In Chapter 3, I examined argument role reversals, where different measures of pre-

activation do not align with each other. Prior studies have found that N400 amplitudes

seem to be insensitive to argument roles while offline cloze measures show a high degree of

sensitivity to argument roles. I demonstrated that prior findings about the mismatch be-

tween cloze probabilities and N400 amplitudes cannot be attributed to timing contrasts. I

re-analyzed an EEG study by Momma (2016) that used maximally simple Japanese stimuli

such as Bee-nom sting and I conducted a speeded cloze study that was matched with the

EEG study in terms of the time courses and the stimuli. The studies showed that (i) the

measures do not align with each other even when they probe pre-activation at the same

moment, but (ii) N400 amplitudes do show sensitivity to argument roles when there is addi-

tional time for pre-activation. These two contrasts raised questions about whether and how

pre-activation impacts argument roles, and about what different measures of pre-activation

actually reflect.

In Chapter 4, I examined the evidence for some degree of role-insensitive pre-activation

in speeded cloze tasks. I estimated the strengths of role-inappropriate candidates (lures) in

each context using the speeded cloze RTs, and I showed that the context-wise variability of

the estimated strengths of lures covaries with (i) the RTs of role-appropriate responses and

(ii) the proportion of role-inappropriate responses. These are consistent with accounts where

role-appropriate candidates are activated to the extent that they can inhibit role-appropriate

competitors and win races at least occasionally.
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In order to further examine the evidence for role-(in)sensitivity in pre-activation, Chapter

5 aimed to dissociate the influence of argument roles on lexical pre-activation from their

effects on post-lexical processes. I used tasks that do not, in principle, require post-lexical

combinatorial processes, and I used RT distributional analyses to examine role-sensitivity in

lexical pre-activation excluding the effect of later processes. The read-aloud task suggested

that role-appropriate and inappropriate candidates are pre-activated to a similar extent,

whereas the lexical decision task suggested that role-appropriate candidates are pre-activated

more strongly compared to role-inappropriate candidates.

Chapter 6 assessed the contribution of role-appropriate competitors on role-inappropriate

pre-activation. I focused on findings that stimuli created by Ehrenhofer et al. (2019) can cause

N400 effects in argument role reversals but those created by Chow, Smith, et al. (2016) do

not. I analyzed speeded cloze data collected for the two sets of stimuli in Chapter 4, and

demonstrated that the key difference between the two EEG studies was the availability of

strong role-appropriate competitors. The asymmetric pre-activation hypothesis has difficul-

ties in accounting for such effects of unshown role-appropriate candidates in EEG studies.

On the other hand, the symmetric pre-activation hypothesis might be able to account for the

N400 effects in ELP by the sigmoid lateral inhibition function and additional pre-activation

for role-appropriate candidates.

7.2 Implications for the Simple Activation Model

Here I synthesize the findings in terms of how they allow us to update the Simple Activa-

tion Model (Figure 58). The Simple Activation Model is a model combining pre-activation

mechanisms that map knowledge and contextual information onto lexical pre-activation, and
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Figure 58: The Simple Activation model

a model of measures that maps lexical pre-activation values onto observable experimental

measures. The key assumptions of the ”simple” activation model are that there is a shared

underlying pre-activation process and that it is transparently reflected in widely used exper-

imental measures of pre-activation.

This thesis attempted to understand lexical prediction by updating this model. Argument

role reversals are particularly useful test cases in this regard because they provide insights into

both the pre-activation mechanism and the theories of measures. Pre-activation measures

show sensitivity to argument roles in some cases but not in other cases. Knowing under what

circumstances argument roles impact pre-activation would be informative about how the

pre-activation mechanisms use contextual information and stored knowledge to generate pre-

activations. The discrepancies between pre-activation measures are also informative about

what cognitive processes the measures actually reflect. I summarize how the current thesis

combined with prior studies allows us to update the pre-activation mechanisms and the

theories of measures in the Simple Activation Model.
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7.2.1 Shared pre-activation

7.2.2 Theories of pre-activation measures

The important and consistent issue for the measures of pre-activation is whether they reflect

pre-activation, post-lexical combinatorial processes, or both. The current studies provide

insights into which process the measures are sensitive to, and ways to dissociate the two

factors when their effects are combined in the same measure.

Cloze measures

This study provided support for the Race model for the underlying processes of the speeded

cloze task. While the original model by Staub et al. (2015) made quantitatively inaccurate

predictions, the issue can be solved by assuming lateral inhibition in pre-activation, which

has independent support from the bottom-up lexical activation literature.

The thesis also highlighted what aspects of pre-activation different cloze measures reflect.

The analyses of simulated cloze data showed that cloze RTs are more sensitive to the rates of

pre-activation while cloze probabilities better reflect the levels of pre-activation. Additionally,

while previous studies have used the notion of “contextual constraint” to characterize the

set of lexical candidates pre-activated by each context, the Race model suggests that this

conflates the two different notions of the availability of candidates and the dominance of a

candidate. These two notions can be separately measured via different cloze measures: the

mean cloze RTs for availability and modal cloze probabilities or entropies for dominance.

The studies on argument role reversals suggested a new update in the cloze process. If role-

appropriate and inappropriate candidates are similarly pre-activated, the frequent production
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of role-appropriate candidates and the rare production of role-inappropriate candidates can

be explained by a speech monitoring mechanism that prevents the production of implausible

utterances (Levelt, 1989). Once a lexical candidate reaches a threshold, it is checked for its

plausibility in the context. If the whole utterance becomes implausible because of the lexical

candidate, it is inhibited to prevent implausible utterance. The same mechanism can also

explain some N400 effects found in argument role reversals (Chapter 3).

N400 component of ERP

Some researchers have argued that the N400 component for a lexical item reflects predictive

processes. Most of them assume that the N400 amplitudes reflect pre-activation levels of

the lexical or lexico-semantic representations (e.g., Federmeier & Kutas, 1999; Lau et al.,

2008), while some have argued that they instead reflect predictions in combinatorial utterance

meaning representations (Rabovsky et al., 2018). Either account maintains that N400 is

sensitive to processes that occur prior to the bottom-up processing of new inputs.

On the other hand, other researchers have argued that the process reflects more passive

processes that follow the bottom-up processing of an incoming lexical item. Under these

passive accounts of N400 amplitudes, some researchers argue that N400 amplitudes reflect

the effort of building utterance meaning representations (e.g., Brown & Hagoort, 1993; Kolk

et al., 2003; van Herten et al., 2005), while others interpret N400 amplitudes as signals

of semantic anomalies in the constructed utterance meaning representations (e.g., Kim &

Osterhout, 2005; Li & Ettinger, 2023).

The findings in the current thesis are more consistent with the predictive view than the

passive view. Since the passive view maintains that the N400 absence in argument roles
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reflects processes triggered by the presentations of the role-inappropriate continuations, it

has difficulty in explaining cases where processes prior to the presentations or the lexical

candidates that are not presented can “turn on” the N400 contrasts. As shown in Chapter 3,

Momma (2016)’s EEG study showed sensitivity to argument roles when the target verb was

presented with delays, consistent with prior studies (Chow et al., 2018; Liao et al., 2022).

Since the passive accounts attribute the general N400 absence in argument role reversals to

the processes following the presentation of the target lexical item, it is hard for such accounts

to explain the influence of additional time prior to the presentation of the target item. On

the other hand, a predictive account can more straightforwardly explain the timing effects

by arguing that predictions change over time. One way for the passive accounts to explain

these timing effects is to attribute them to dynamic changes in the context representations.

The additional time prior to the target presentations might increase the time to process

the contexts, potentially changing the context meaning representations. If this is the case,

then having additional time to process the context might influence the construction of new

utterance meaning representations based on the context meaning representations.

However, the N400 contrasts in Ehrenhofer et al. (2019) are more difficult for the passive

accounts to explain. My analyses of the speeded cloze data for Ehrenhofer et al.’s stimuli

suggested that the key factor that caused the N400 contrasts was the strength of lexical

candidates that were not presented. If N400 amplitudes only reflect processes triggered by

the presentation of the lexical items, other lexical items that are not presented should not

influence the N400 amplitudes. On the other hand, if N400 amplitudes reflect predictive

processes that occur prior to the presentation of the lexical item such as the amount of pre-

activation, pre-activations for other items can influence the pre-activation for the presented
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lexical item. Thus the predictive view of the N400 component is more consistent with the

role-sensitivity of the N400 component caused by the additional time prior to the target

presentation or by competitors that were predicted but not presented.

A related but different question is whether N400 reflects lexical (or lexico-semantic) pro-

cessing or post-lexical combinatorial processes such as utterance meaning. This is related

to the contrast between the predictive and passive distinction because the passive accounts

attribute the N400 effects to combinatorial processes while most predictive accounts argue

that it is at the lexical or lexico-semantic level. An exceptional account is Rabovsky et al.

(2018), where N400 amplitudes reflect changes in predicted utterance meaning representa-

tions. The utterance meaning representations in Rabovsky et al.’s model are predictive in

that the comprehender predicts the meaning of the entire utterance at any point as the utter-

ance unfolds. If a new input is consistent with the current utterance meaning representation,

it results in a small change in the utterance meaning representation, whereas inconsistent

inputs require a large change in the utterance meaning representation. Rabovsky et al. argue

that N400 amplitudes reflect such changes in the utterance meaning representations. How-

ever, Rabovsky et al.’s model assumes a transparent relationship between predictions for the

utterance meanings and for upcoming lexical items. Therefore, although N400 amplitudes

reflect post-lexical processes in Rabovsky et al.’s model, N400 amplitudes should strongly

correlate with lexical pre-activation. Thus the current findings and prior literature support

the view that N400 amplitudes either rather directly reflect lexical pre-activations or at least

strongly correlate with them. Therefore I maintain that there is good justification for treat-

ing N400 amplitudes as pre-activation measures
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Lexical decision task and read-aloud task

The lexical decision task and the read-aloud (naming) task can also be considered as pre-

activation measures since the responses seem to be facilitated by lexical pre-activation via

priming or sentential contexts (e.g., Stanovich &West, 1983; Seidenberg et al., 1984; Andrews

& Heathcote, 2001; Ratcliff et al., 2004; Balota et al., 2008). They also correlate with (offline)

cloze probabilities (Kleiman, 1980; Seidenberg et al., 1984).

Since these tasks do not require combinatorial processes following lexical access to the

target items, responses to these tasks might be useful in assessing the pre-activation without

the influence of the post-lexical processes. While it is still possible that post-lexical processes

influence the responses in these tasks, RT distributional analyses can potentially discriminate

the two processes. While pre-activation should affect all trials, post-lexical processes should

only influence a subset of trials where they were deployed. Then the effect of pre-activation

should appear mainly as a shift in the locations of RT distributions while post-lexical pro-

cesses should only influence the tails of the distributions. However, the studies in Chapter

5 showed a puzzling mismatch between the two tasks, and therefore the linking hypotheses

require more elaboration.

7.2.3 Theories of pre-activation generation

How candidates are pre-activated

The current thesis has implications for the way in which lexical candidates are pre-activated.

The parallel pre-activation of predicted candidates was one of the assumptions of the Simple

Activation Model, while some researchers pointed out the possibilities of more serial predic-

tion in at least some tasks (Van Petten & Luka, 2012). The evidence for the Race model also
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supports parallel activation. As Staub et al. (2015) argued, the lexical candidates competing

with fast competitors have short RTs because they must be faster than those competitors in

order to be produced. This is only possible when multiple candidates are pre-activated in

parallel. This thesis provided additional support for a parallel pre-activation mechanism by

reinforcing the support for the model.

This thesis also provided evidence for lateral inhibition between the simultaneously pre-

activated candidates. As shown in Chapter 2, lateral inhibition can explain slow cloze re-

sponses that were unexpected by the original simulations by Staub et al. (2015). Furthermore,

Chapter 4 showed that role-appropriate candidates competing with strong role-appropriate

candidates have longer RTs. This shows that stronger role-inappropriate candidates inhibit

the role-appropriate candidates strongly, resulting in slower role-appropriate RTs.

Impact of contextual information and knowledge: Argument roles

In addition to the general manners of pre-activation, this thesis also has implications on how

contextual information and stored knowledge impact pre-activation. I paid special attention

to argument roles and contrasted the pre-activation of role-appropriate and inappropriate

candidates such as serve in (40). Even though argument roles are crucial in order to com-

prehend utterances, prior studies have shown that pre-activation measures are not sensitive

to argument roles (N400: e.g., Kolk et al., 2003; Kim & Osterhout, 2005; Chow et al., 2018;

Liao et al., 2022; anticipatory looks in the visual world paradigm: Kukona et al., 2011; eye-

tracking while reading: Burnsky). However, this thesis has shown that argument roles can

impact pre-activation measures at least under some circumstances. This raises a question

of whether and how argument roles can impact pre-activation, and what is the nature of
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pre-activation mechanisms that causes such patterns.

(40) a. The restaurant owner forgot which customer the waitress had served.

b. The restaurant owner forgot which waitress the customer had served.

The question of whether and how argument roles impact pre-activation can be broken

down into smaller pieces. First, are argument roles available to comprehenders at all when

they generate predictions? Second, can argument roles constrain pre-activation in some way?

Finally, in what circumstances can argument roles constrain pre-activation? The findings of

the current thesis can address each of the questions.

The first question is whether argument roles are available to any cognitive mechanism

in argument role reversals at the moment pre-activation is generated. While comprehenders

must identify argument roles at some point in sentence comprehension, the findings in the

EEG studies that delayed presentation of the target verbs can turn on the N400 effects

(Chapter 3) might be interpreted to show that argument roles are identified slowly. That is,

when the target verbs are presented shortly after the contexts, the roles of the arguments

in the contexts are not identified yet, and hence the continuations are processed similarly

regardless of the argument role assignments. On the other hand, the roles can be identified

given additional time, and therefore N400 amplitudes were sensitive to argument roles when

the target verbs were presented following a longer delay.

However, the current studies provide evidence against such slow identifications of argu-

ment roles. In this thesis, there were some cases where people showed sensitivity to argument

roles shortly after the context presentation (the Japanese speeded cloze study in Chapter 3

and the English lexical decision task in Chapter 5). Regardless of the exact mechanisms in
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which argument roles impacted performance in these tasks, the role-sensitivity in these cases

shows that argument role information is available to at least some cognitive mechanisms,

even in the early moments of processing where N400 does not typically show role-sensitivity.

Given that argument roles are available in the comprehender’s mind, a second question is

whether argument roles can impact pre-activation in some way. The current thesis and prior

studies suggest that argument roles do influence pre-activation. In addition to the speeded

cloze studies and the lexical decision study that showed sensitivity to argument roles, there

are some cases where N400 amplitudes show sensitivity to argument roles (Momma (2016)

in Chapter 2 and Ehrenhofer et al. (2019) discussed in Chapter 6, as well as other related

studies (Chow et al., 2018; Liao et al., 2022; Lee & Phillips, 2023)). While the individual

linking hypotheses for these measures might be questioned, the role-sensitivity found across

multiple measures that are considered to reflect pre-activation suggests that pre-activation

can be sensitive to argument roles at least under some circumstances.

Finally, even though argument roles themselves are available in a relatively early moment

and they can impact pre-activation in some cases, why do pre-activation measures show sensi-

tivity to argument roles only under some circumstances? I offer three possibilities to account

for what kind of pre-activation mechanisms can cause the role-(in)sensitivity. Since none of

the three accounts successfully explains all the findings, I lay out what can and cannot be

explained by each hypothesis.

Asymmetric pre-activation

A first possibility is the asymmetric pre-activation hypothesis, where argument roles influence

pre-activation consistently and even in argument role reversals. Under this hypothesis, argu-
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ment roles in the context are used successfully, just like other cues such as the identities of

the arguments, and hence role-appropriate candidates have much greater pre-activation com-

pared to role-inappropriate candidates. This hypothesis can easily explain the role-sensitivity

found in certain pre-activation measures. For example, under this account, most responses

in the speeded cloze tasks are role-appropriate because those role-appropriate candidates are

pre-activated more than role-inappropriate candidates. Regarding the findings from Chapter

4 that showed evidence for some pre-activation for role-inappropriate candidates, there must

be some mechanism that allows role-insensitive pre-activation, such as lexical association.

On the other hand, it is difficult for this hypothesis to explain the findings in EEG

studies. There should be asymmetric pre-activation for role-appropriate and inappropriate

candidates under this account, but the N400 amplitudes for those candidates are matched in

most cases. Therefore this hypothesis needs to argue that N400 amplitudes do not reflect pre-

activation, but instead reflect other processes such as post-lexical combinatorial processes.

In fact, some researchers argue that the N400 component reflects the detection of a semantic

anomaly in the utterance, and N400 amplitudes are not sensitive to argument roles because

comprehenders construct heuristic semantic representations that are unfaithful to the inputs

but are plausible (e.g., Kim & Osterhout, 2005; Li & Ettinger, 2023). For example, when

presented with (40b), people interpret it as (40a), and hence there is no semantic anomaly.

However, as pointed out above, such an account of N400 amplitudes has difficulty in

explaining the presence of N400 effects in argument role reversals when additional time is

provided prior to the presentation of the target item (Chapter 3) or when there are strong

role-appropriate competitors (Chapter 6).

A potential solution for this hypothesis is to take a predictive combinatorial account
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such as Rabovsky et al. (2018), where N400 amplitudes reflect changes in the predicted

utterance meaning representations. However, Rabovsky et al. (2018)’s model itself cannot

explain the lack of N400 contrasts despite the contrast in pre-activation. Since the model still

predicts that N400 amplitudes correlate with lexical pre-activation, if there is asymmetric

pre-activation for role-appropriate and inappropriate candidates, there should be contrasts in

N400 amplitudes as well. Therefore, the asymmetric pre-activation hypothesis needs a new

linking hypothesis for the N400 component where N400 amplitudes reflect a combinatorial

process that is predictive but is distinct from lexical pre-activation at least in argument role

reversals.

Symmetric pre-activation: Format mismatch

Another two hypotheses are versions of the symmetric pre-activation hypothesis, according to

which role-appropriate and inappropriate candidates are similarly pre-activated. One of the

hypotheses attributes role-insensitivity to mismatch between the format of the representation

of the contextual information and the format of long-term knowledge, which are the two

inputs to the pre-activation mechanisms in the Simple Activation Model (Figure 58). Chow,

Momma, et al. (2016) argue that lexical prediction using event knowledge is a memory

retrieval process where events consistent with the input are retrieved from long-term memory.

Chow, Momma, et al. further argue that pre-activation might be insensitive to argument roles

because the format of the argument roles as cues for memory retrieval does not match the

representation of the event knowledge. Chow, Momma, et al. propose that comprehenders

may encode the arguments in an utterance with their generic roles such as waitress-agent

and customer-patient with the absence of the verb, whereas event representations in long-
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term memory are instead represented in event-specific formats such as waitress-server and

customer-servee. Since the available cues from the generic argument roles do not match

the target representations of event-specific roles, those argument roles are not effective cues

for memory retrieval. Thus, comprehenders might have access to events that involve the

arguments but not those that involve the arguments with specific roles. As Liao et al. (2022)

argue, pre-activation via such a role-insensitive memory search might be preceded by pre-

activation via simple association, which makes the format mismatch account of the absence

of N400 effects consistent with other accounts attributing the absence of N400 effects to

associative pre-activation (e.g., Brouwer et al., 2012).

The format mismatch account can thus explain the insensitivty to argument roles, but

it also has to account for three cases discussed in this thesis where pre-activation measures

show sensitivity to argument roles: (i) the speeded cloze task (Chapter 3), (ii) N400 ampli-

tudes with delayed presentation of the target items (Chapter 3), and (iii) N400 amplitudes

with strong role-appropriate competitors in Ehrenhofer et al. (2019) (Chapter 6). These

exceptional cases can be explained by additional mechanisms.

I proposed a monitoring mechanism to account for (i) and (ii). In the speeded cloze task,

once a lexical candidate’s pre-activation reaches a threshold, a monitoring mechanism checks

the plausibility of the entire utterance including the lexical candidate. When the utterance

would be inappropriate, the lexical candidate is inhibited. Role-inappropriate candidates are

detected and inhibited before they are produced by this mechanism. I further proposed that

the monitoring mechanism is also involved in comprehension, and that additional time for

pre-activation enables more successful detection of role-inappropriate candidates. This can

explain the findings in the timing contrasts in the Japanese EEG experiment by (Momma,
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2016) (Chapter 3) as well as other converging prior studies (Chow et al., 2018; Liao et al.,

2022). The earlier sensitivity in the speeded cloze responses compared to N400 amplitudes

can be explained by differences in the threshold. The threshold is lowered in the speeded

cloze task because people need to ensure that at least one candidate reaches the threshold

and can be produced quickly. Thus even when role-inappropriate candidates are highly pre-

activated due to role-insensitive memory retrieval, they can be inhibited by the role-sensitive

monitoring mechanism. This hypothesis is in fact consistent with Lee and Phillips (2023),

where they observed N400 effects for argument role reversals in an EEG design where speeded

cloze trials were interleaved with comprehension trials. The monitoring hypothesis predicts

this finding because the interleaved cloze trials would lower the threshold for the monitoring

process, which enables early detection of role-inappropriate candidates in the other trials.

The role-sensitivity of N400 amplitudes found in Ehrenhofer et al. (2019) can potentially

be explained by small additional pre-activation for role-appropriate candidates. The addi-

tional role-sensitive pre-activation is small and it does not cause N400 effects for argument

role reversals by itself. However, the small contrast can be exaggerated by lateral inhibition

in Ehrenhofer et al.’s experiment. The additional pre-activation for role-appropriate com-

petitors in Ehrenhofer et al. results in stronger inhibition for the role-inappropriate target

items in the reversed condition. Therefore the target verbs have significantly different levels

of pre-activation in the canonical and reversed conditions and elicit greater N400 amplitudes

in the reversed condition. On the other hand, the additional pre-activation for weak role-

appropriate competitors in other EEG studies such as Chow, Smith, et al. (2016) does not

result in significantly stronger inhibition because weakly activated candidates inhibit their

competitors minimally due the sigmoid inhibition function, which is independently motivated
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by Chen and Mirman (2012).

However, one problem for this account is that it is not clear how the partial role-sensitivity

in pre-activation can be incorporated into the pre-activation mechanisms. If the general role-

insensitivity arises from the format mismatch between the contextual cues and the event

knowledge, there should be no sensitivity to argument roles at all. The format mismatch

account needs to be augmented so that it can allow for the partial role-sensitivity to account

for N400 effects found in Ehrenhofer et al..

Symmetric pre-activation: Selective use of cues

Alternatively, the pre-activation of role-appropriate and inappropriate candidates might be

matched not because of the format of the input to the pre-activation mechanisms but because

of the computations involved in the pre-activation mechanism. Kuperberg (2016) argued

within a hierarchical generative framework of language comprehension (Kuperberg & Jaeger,

2016) that argument roles can constrain predictions, but that comprehenders do not use

them in cases where using them makes predictions less constraining. For example, when

the using unordered pair of arguments (e.g., waitress, customer in (40a)) results in more

constraining predictions with a dominant candidate (served) compared to predictions based

on the combination of the arguments and their roles (e.g., customer-agent, waitress-patient

in (40a)), comprehenders rely on the unordered pair.

This account also has to explain the three cases where pre-activation measures show

sensitivity to argument roles: (i) the speeded cloze task, (ii) N400 amplitudes with delayed

presentation of the target items, and (iii) N400 amplitudes with strong role-appropriate

competitors in Ehrenhofer et al. (2019). The selective use of cues can in fact explain (iii).

215



Since there are strong role-appropriate candidates, comprehenders use the full set of cues

and predict role-appropriate candidates more than role-inappropriate candidates.

However, it is not straightforward for this hypothesis to account for (i) and (ii). It

attributes the strong pre-activation of role-inappropriate candidates to a mechanism that

pre-activates candidates based on partial use of cues, but it is not clear why simply adding

time between the context and the target verb would change the use of cues, as shown in the

Japanese EEG experiment. Even if the use of cues could change over time, the hypothesis

still cannot explain why people should pre-activate lexical candidates differently in different

paradigms with the same context in the same time course, as I demonstrated in the Japanese

speeded cloze experiment.

Furthermore, the selective use of cues has difficulty in accounting for the absence of N400

effects in the Japanese EEG study without delayed presentation of verbs, where only one

argument was presented as the context. Given such contexts, it is unlikely that using partial

cues (e.g. bee) would yield a more dominant candidate than when all the cues are used (e.g.

bee-patient). Then, Kuperberg (2016)’s account should expect N400 effects for the Japanese

stimuli such as bee-acc, which was not the case when the verbs were presented shortly after

the contexts.

Given these findings, the format mismatch account augmented by the monitoring mech-

anism and the partial role-sensitivity seems to be the most reasonable account for the role-

sensitivity and insensitivity observed in pre-activation measures. However, the account has

to be refined to allow for the partial role-sensitivity to explain the role-sensitivity caused by

strong role-appropriate candidates in Ehrenhofer et al. (2019).
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7.3 Future directions

This thesis aimed to understand lexical prediction through updating the Simple Activation

Model as a working model, and this approach brought new insights into lexical prediction,

especially regarding argument roles. While I adopted the model as the starting point, the

approach allows for further investigation of lexical prediction by elaborating the model. Below

I introduce three directions in which the project can be further developed, in terms of three

aspects of the model that could be elaborated: theories of measures, accounts of the inputs to

the pre-activation mechanisms, and the structure of the shared currency bridging the shared

pre-activation mechanisms and task specific processes.

7.3.1 Theories of measures

While the current study has contrasted multiple measures of pre-activation, the landscape is

incomplete. Specifically, eye-tracking studies in both reading and the visual world paradigm

are not fully integrated.

Although there are relatively few eye-tracking studies on argument role reversals, these

measures have a unique value. Eye movements during reading yield different measures (e.g.,

skipping rate, first fixation, go-past time) and each measure can tap into different aspects of

language processing. The methods to analyze the data (e.g., distributional analyses of reading

times: Staub, 2011) and computational models (e.g., E-Z reader model: Pollatsek, Reichle,

& Rayner, 2006) further make eye-tracking measures of reading informative about lexical

prediction. Fixations in the visual world paradigm allow investigation of dynamic change in

pre-activation through shifts in the proportions of fixations. This is especially useful in the

studies of argument role reversal, where pre-activation seems to change dynamically, as the
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EEG studies showed. Thus the theories of argument roles in lexical prediction, or other cases

of lexical prediction, would be augmented by incorporating those measures.

7.3.2 Inputs to the pre-activation mechanisms

This thesis focused on argument role reversals as a test case and it explored whether and

how argument roles impact lexical prediction when they are the inputs to the pre-activation

mechanisms. This can be further developed in the context of different but highly related

phenomena regarding event-related items.

Nieuwland and Van Berkum (2005) presented (42a) or (42b) following a discourse context

setting up a situation (41). Surprisingly, there was no contrast in the N400 amplitudes of

tourist and suitcase, suggesting that their pre-activation levels were matched, despite the

apparent contrast in predictability.

(41) A tourist wanted to bring his huge suitcase onto the airplane. However, because the

suitcase was so heavy, the woman behind the check-in counter decided to charge the

tourist extra. In response, the tourist opened his suitcase and threw some stuff out.

So now, the suitcase of the resourceful tourist weighed less than the maximum twenty

kilos.

(42) a. Next, the woman told the tourist that ...

b. Next, the woman told the suitcase that ...

Relatedly, Metusalem et al. (2012) conducted a similar study and contrasted three types

of target items that were (i) predictable given the contexts in the position (snowman), (ii)

related to the event but not to the predictable item (jacket), or (iii) unrelated to either the
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event or the predictable item (towel). Metusalem et al. found that the event-related item

had smaller N400 amplitudes compared to the event-unrelated item.

(43) A huge blizzard ripped through town last night. My kids ended up getting the day off

from school. They spent the whole day outside building a big snowman/jacket/towel

in the front yard.

These findings are different from argument role reversals in that Nieuwland and Van Berkum

(2005) repeated the unpredictable items (suitcase) multiple times in the contexts and hence

it could have been strongly primed, and that the N400 amplitudes of the event-related items

were still larger than those of the predictable items in Metusalem et al. (2012). However,

these related findings suggest that argument role reversals might be a part of a broader class

of phenomena regarding exaggerated pre-activation for event-related lexical items, where ar-

gument role reversals are possibly an extreme case. Elaboration of the Simple Activation

Model model (e.g., how event knowledge is probed) can be propelled by situating argument

role reversals in these contexts and examining what are specific about arguments and what

generally apply to event-related lexical items.

7.3.3 Structure of the shared currency

The Simple Activation Model assumes that lexical (lemma-level) pre-activation is the under-

lying shared currency that is the output of the pre-activation mechanisms and the common

input to models of pre-activation measures. However, the output of the pre-activation mech-

anism is likely to be represented at multiple levels, since various studies have reported that

prediction influences different levels of representations from structures of events to phono-
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logical or orthographic representations (See Kuperberg and Jaeger (2016) for review). These

different levels of prediction should interact with each other, and each pre-activation measure

may reflect a different level or a combination of different levels. Regarding this complexity

in the output of pre-activation mechanisms, I made the simplifying assumption that lexical

pre-activation is the shared currency. This assumption can be justified if predictions at dif-

ferent levels are closely linked to each other and covary. For example, if the events of a cop

arresting a burglar and a cop arresting a smuggler are pre-activated to similar extents given

the context (44), the lexical representations (or the semantic representations) of burglar and

smuggler should be pre-activated to similar extents as well.

(44) A cop arrested a ...

However, such strong correlations between pre-activation in different levels of represen-

tations must be questioned at least in some cases. In fact, the race process proposed as

the underlying mechanism of the (speeded) cloze task can break the correlation between

different levels. The race process can be interpreted as a winner-take-all process where one

candidate is selected from many candidates and is passed down to the subsequent processes.

However, other non-winning candidates are not considered in the subsequent processes, re-

gardless of how closely they lost. Under this formulation, if the race process happens at the

event level and if the event of a cop arresting a burglar wins, then the lexical representa-

tions of burglar should be pre-activated, but the lexical representations of smuggler should

not be pre-activated, even though the corresponding event of a cop arresting a smuggler was

strongly pre-activated. Thus the race processes can break the correlation between the predic-

tions across levels of representations, and what level the race processes are in can have great

220



consequences on the patterns of pre-activation across levels of representations. Therefore,

elaboration of the Simple Activation Model in the structure of the output of the pre-activation

mechanism, and how they are reflected in different measures would be informative about the

nature of prediction.

7.4 Conclusion

In this thesis, I investigated lexical prediction in human sentence processing, using the Simple

Activation Model as a starting point and updating it. Argument role reversals provided

insights into the way the model should be updated both in terms of the mechanisms to

generate pre-activation and the theories of different experimental measures of pre-activation.

While there is not yet a single account that can explain all the patterns across different

pre-activation measures, different stimuli, and different timings, the current thesis suggests

that role-appropriate and inappropriate lexical candidates are pre-activated similarly, that

there is a monitoring process to inhibit role-inappropriate candidates, and that there might

be some small advantage for role-appropriate candidate.
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